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Abstract 
Within the context of the FP7 project CLIMB, according to various climate change sce-
narios the Mediterranean region will suffer further from higher temperature and less 
precipitation during the summer, on top of already dry and hot periods for the region. 
This climatic trend means a higher water usage projection for both urban and agricul-
tural purposes in this already water scarce region. Suitable strategy and management for 
water usage is important for sustainable agricultural development. In this respect, good 
irrigation management is helpful for crops growing during summer. For this purpose, 
surface soil moisture information can be utilised for parameterising hydrological models.  
In this dissertation on the Operational Retrieval of Surface Soil Moisture using Syn-
thetic Aperture Radar Imagery in a Semi-arid Environment, the possibility and capabil-
ity of an operational approach for surface soil moisture inversion using Synthetic Aper-
ture Radar (SAR) imagery is investigated. For this topic, a well-equipped research 
based farm is selected as the study area on the island of Sardinia with its unique Medi-
terranean climate. The following aspects are focused on:  
1) Exploration of the capability of current C-band SAR sensors – ASAR and Radar-
sat-2 – on surface soil moisture retrieval in terms of the accuracy and spatial scale, 
e.g. at field scale; 
2) Development of a fully operational approach for surface soil moisture monitoring 
and mapping in the semi-arid environment; 
3) Assessment of the capability of the Advanced Integral Equation Model (AIEM) in 
surface soil moisture inversion. 
Extensive field work is conducted in the study area from late April to end of June in 
2008 and 2009. In situ measurements, including surface soil moisture, surface rough-
ness, soil texture, vegetation water content and height, crop distance and structure, and 
Leaf Area Index (LAI), are taken on corresponding and prepared bare soil fields and 
crop fields. Field campaigns are arranged in accordance with satellite passes. In total 26 
ENVISAT/ASAR APS and 11 Radarsat-2 FQ mode images are acquired during the 
campaigns on a better than weekly basis.  
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None of the current approaches is applicable as a fully operational approach for surface 
soil moisture inversion, while roughness parameterisation is crucial but problematic, 
especially for small-scale studies, where fewer good results are reported from soil mois-
ture inversion at field scale than at larger scales. To explore an operational approach, 
various existing semi-empirical and theoretical models are adopted. First, backscattering 
coefficients and in situ soil moisture measurements are carefully evaluated against em-
pirical linear relationships according to different polarisations and ranges of incidence 
angle. Model assessment is taken for the Oh model, Dubois model, and three AIEM 
based approaches. The AIEM approaches are based on different roughness parameteri-
sations – in situ rms height and correlation length, in situ rms height and empirical cor-
relation length, and the third is adopting recently-developed Rahman approach, which is 
based on AIEM regression from multi-angular SAR images in extremely dry conditions. 
A systematic overestimation of 2–4dB is observed from the Oh model and the AIEM 
model which is coupled with in situ roughness measurements. Good agreement is found 
from the ―AIEM + empirical correlation length‖ model. The in situ correlation length is 
clearly insufficient for roughness parameterisation at field scale. Afterwards, these ap-
proaches are evaluated against in situ soil moisture measurements. Semi-empirical 
models are able to provide reasonable soil moisture production after careful backscat-
tering coefficient ―correction‖ with the help of in situ roughness measurements or com-
parable remote sensing based inversion products. Without backscattering coefficient 
―correction‖, the AIEM model, coupled with empirical correlation length, is able to 
provide accuracy in the order of 6 vol. %, which is slightly better than the performance 
in the Rahman approach. 
As an operational approach, the Rahman method is further developed by introducing 
previously proved empirical length after careful consideration of the limitations of the 
original version, namely the Baghdadi-Rahman model. With one or more SAR images 
under the extremely dry conditions, surface soil moisture can be inverted with confi-
dence of between 5–6 vol. % at field scale, regardless of SAR geometry. Good results 
are also achieved on different crop fields. 
Outlooks are given on both technical and application perspectives based on further de-
velopment of the proposed Baghdadi-Rahman model. 
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Overall, it is operationally viable to adopt the AIEM based model to retrieve surface soil 
moisture (at 5–8 cm depth level) with a confidence of 5–6 vol. % over agricultural fields 
at field scale on a weekly basis from co-polarisation C-band SAR in the semi-arid envi-
ronment. The timely and accurate surface soil moisture monitor at field scale and over 
large areas from various SAR sensors from the proposed Baghdadi-Rahman model, 
along with a well integrated hydrological model and economic and policy based as-
sessment for irrigation management, will contribute to the future of sustainable water 
resource management for agricultural usage in the water scarce semi-arid environment 
within the CLIMB framework. 
Keywords: Operational Approach, Surface Soil Moisture, Synthetic Aperture Radar 
(SAR), Surface Roughness, Advanced Integral Equation Model (AIEM), CLIMB  
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Learn without thinking begets ignorance. 
Think without learning is dangerous.  
---Confucius 
Chapter 1 Introduction 
Natural Earth systems and human societal systems are closely linked with enormous 
complexity and interaction (Figure 1.1). As a crucial component in the Earth system, 
climate change has been raised and has become central as an issue overwhelmingly 
among scientists but also politicians as well as ordinary society members all over the 
globe during the past decades. Over 250 000 publications in science and social science 
alone refer to the topic of climate change dating back to the 19
th
 century (through sim-
ply searching on the Web of Knowledge). The impacts of climate change will lead to 
the vulnerability of ecosystems, water resources and human health etc directly or indi-
rectly, which will hence force socio-economic development to better adapt to the 
changes in the Earth systems. In this context, water resource vulnerability in the climate 
change conditions is focused on in this work. 
1.1. Climate Change and Water Security in the Mediterranean Region 
The latest synthesis report from the Intergovernmental Panel on Climate Change 
(IPCC 2007) emphasises the vulnerability of the Mediterranean and neighbouring re-
gions to the impacts of climate change in numerous climate projections, which are 
based on various global and regional climate models (Blenkinsop and Fowler 2007; 
Flocas et al. 2011). In particular, water availability will deteriorate in the already water-
stressed Mediterranean region (Arnell 2004). Even worse, the already hot and semi-arid 
climate is expected to become warmer and drier under various climate change scenarios 
(IPCC 2007), which hence will in turn put higher pressure on the vulnerability of 
freshwater resources in this region (Vorosmarty et al. 2000). 
Both historical observations and modelling-based climate projections show that the 
mean temperature in the central-west Mediterranean region is on an upward trajectory. 
About 0.8°C/100 year increase is found for the 20th century and this figure can reach 5–
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7°C for summers and 3–4°C for winters e.g. for the Iberian peninsula by the end of the 
21
st
 century (Diffenbaugh et al. 2007). This potential trend of surging temperature will 
result in an intensified hydrological cycle for the Mediterranean region with increasing 
extreme precipitation events and a significant decrease in annual precipitation (Norrant 
and Douguedroit 2006; Ludwig et al. 2011).  
 
Figure 1.1 Schematic framework representing impacts of and responses to climate change and their 
linkages in the earth and human systems, reproduced from (IPCC 2007). 
 
Figure 1.2 Relative percentage change in precipitation patterns – 2090–2099 vs. 1980–1999  based on 
the SRES A1B scenario for December to February (left) and June to August (right) (IPCC – 
WG1 – AR4). 
Introduction 
 
- 3 - 
 
Figure 1.2 shows significant negative change in annual precipitation for the Mediterra-
nean region (circled in red) with a multi-model averaged projection to the last ten years 
of the 21
st
 century compared to the 1980–1990 period based on the Special Report on 
Emissions Scenarios (SRES) A1B (IPCC 2007). In addition, modelled groundwater 
recharge dropped severely, by more than 70%, along the south rim of the Mediterranean 
Sea compared to the period 1961–1990 (IPCC 2007), which is confirmed by recent 
studies in the ENSEMBLES project (van der Linden and Mitchell 2009). Conse-
quently, Figure 1.3 illustrates negative runoff change based on the SRES A1B scenario 
for the Mediterranean catchments for the period 2041–2060 compared to the period 
1900–1970 (Milly et al. 2005). Strong increases in drought frequencies due to both cli-
mate change and water consumption impacts are expected over Southern Europe under 
the A2 scenario (Weiß et al. 2007). 
 
Figure 1.3 Relative percentage change in runoff patterns for the period 2041–2060 based on the SRES 
A1B scenario, divided by 1900–1970 runoff. Reproduced from (Milly et al. 2005). Reproduc-
tion permitted by the publisher for this thesis. 
Based on the above projections, uncertainties in freshwater security, including water 
limitation, scarcity and quality concerns for the Mediterranean region are raised, 
whereas the changes in the hydrologic cycle will give rise to increasing potential for 
tensions and conflict among the political and economic factors in the Mediterranean 
region (Ludwig et al. 2011). The IPCC raised plans for adoption by different sectors 
(IPCC 2007). For the agriculture sector, therefore, good water use and irrigation man-
agement has to be implemented at both strategy and policy framework levels in a new 
conceptual framework to significantly reduce existing uncertainties in climate change 
impact analysis. This purpose is closely implemented within the European Union 7
th
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Framework Programme – Climate Induced Changes on the Hydrology of Mediterranean 
Basins (CLIMB). 
1.2. The CLIMB Project 
The CLIMB consortium (www.climb-fp7.eu), coordinated by Prof. Dr Ralf Ludwig at 
the Ludwig-Maximilians-Universität Munich, is constituted by a total of nineteen part-
ners, comprising four European Member States (Italy, Austria, Germany, and France), 
four SICA countries (Turkey, Tunisia, Egypt, Palestinian-administered areas) and one 
non-EU member country (Canada). CLIMB is embedded in a cluster of independent 
EU-projects with Water Availability and Security in Southern Europe and the Mediter-
ranean (WASSERMed) and Climate Change, Hydro-Conflicts and Human Security 
(CLICO). 
 
Figure 1.4 Conceptual framework of CLIMB 
The project is targeted towards the quantification of and, ultimately, a reduction in un-
certainties in the understanding of climate change impacts on the water sector in the 
Mediterranean and assessing and communicating the associated risks for water security 
in the region. One of the main targets will be to create an integrated risk assessment tool 
for adaptive water resource management and best agricultural practice under climate 
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change conditions. A total of seven study sites are chosen including the Rio Mannu di 
San Sperate in Southern Sardinia, Italy.  
The conceptual framework of CLIMB comprises eight Work Packages (WPs) as dem-
onstrated in Figure 1.4. This work focuses on study site characterisation and parameter 
retrieval using remote sensing techniques. 
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Study the past, if you would divine the future.  
---Confucius 
Chapter 2 Surface Soil Moisture Retrieval Using 
SAR Remote Sensing – State of the Art 
Although representing only 0.0012% of all water available on Earth, surface soil mois-
ture plays a crucial role in different hydrological processes (Chow et al. 1988). It con-
trols the infiltration rate of the precipitation, and hence the amount of runoff the precipi-
tation event produces, which then influences erosion processes and potential flooding 
impacts (Wei et al. 2007; Abu-Zreig et al. 2011; Li et al. 2011). Furthermore, surface 
soil moisture has impacts on the evapotranspiration rate and thus the micro-meteorology 
(Liang et al. 2010; Vivoni et al. 2010; Schelde et al. 2011) and hence interferes with 
energy flux and carbon cycles (Walker and Houser 2004). This study highlights the 
importance of surface soil moisture on its temporal and spatial variation concerning 
important water resource management decisions (Verhoest et al. 2008), such as irriga-
tion management (Bailey et al. 1996; Vedula and Kumar 1996; Bastiaanssen et al. 
2000; Zribi et al. 2011). Within the context introduced in Chapter 1, well monitored 
surface soil moisture at both fine time and spatial resolutions is required to assist good 
water-use and irrigation management at both strategy and policy framework levels 
through hydrological modelling under the climate change uncertainties in the Mediter-
ranean region.  
Wagner (2007) reviewed the progress in soil moisture retrieval from three types of mi-
crowave sensors and concluded that upcoming radiometer and scatterometer systems 
will be able to assist an operational approach for coarse-scale (25–50 km) soil moisture 
measurements within a few years, while much more effort is necessary for a scale finer 
than 1 km from Synthetic Aperture Radar (SAR). This is due to a strong difficulty in 
characterising surface roughness for site-independent modelling. Similar conclusions 
are agreed by Thoma et al. (2008). 
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Since several satellite-borne sensors were launched in the 1990s, SAR is the most 
common imaging active microwave configuration to provide small-scale soil moisture 
patterns thanks to its high resolution of a few square metres and its operational capabil-
ity under all weather conditions as well as day and night (Moran et al. 2004; Wagner 
et al. 2007; Verhoest et al. 2008). Studies show that to positively impact soil moisture 
forecasts, several conditions are to be met: a better than 5 vol. % accuracy of near-
surface soil moisture; observations at half the land surface model spatial resolution; and 
1–5 day repeat time. The latter is less important than accuracy requirements and the 
spatial resolution (Walker and Houser 2004). With the combination of the currently 
operated SAR sensors – e.g. ASAR and Radarsat-2 – the repeat time requirement can 
also be satisfied (Baghdadi et al. 2008). In terms of the measurement depth, microwave 
penetration depth is found to increase with the wavelength and decrease with soil mois-
ture value, e.g. a wave at 4GHz frequency (C-band, equivalent to a wavelength of 7.5 
cm) penetrates to a depth of over 20 cm in absolutely dry soil and to marginally deeper 
than 1 cm when soil moisture reaches 40 vol. % in loamy soil (Ulaby et al. 1996). SAR 
backscatter from the Earth‘s surface is sensitive to surface soil moisture (a combination 
of dielectric constant and soil properties) and surface roughness – normally parameter-
ised by the rms height s, correlation length l and autocorrelation function (ACF) 
(Baghdadi et al. 2007; Zribi et al. 2007). In addition, SAR imaging geometry, e.g. 
incidence angle θ and polarisation, will also largely influence the received backscattered 
signal for a given wavelength. Note that the above terminology will be explained in 
Chapter 3 and Chapter 4. 
2.1. State of the Art 
Most studies, if not all, have aimed at an operational solution for surface soil moisture 
retrieval at a better accuracy for hydrological models at different spatial scales. For both 
flood forecasting and drought monitoring, a good knowledge of root zone soil moisture 
at the catchment or smaller scales helps considerably for the accuracy of estimations 
(Wagner et al. 2007). Various studies show good agreement with SAR based soil mois-
ture retrieval and in situ measurements on big or small catchment scales, but a great 
dispersion in between is more likely to happen at field scale (e.g. (Cognard et al. 1995; 
Moran et al. 2004; Alvarez-Mozos et al. 2006; Mattia et al. 2006; Thoma et al. 2006; 
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Rahman et al. 2008). No evidence is found that C-band data can contribute to fine spa-
tial pattern (~15m) of soil moisture while only L-band data can help retrieve soil mois-
ture at 1 ha scale (Western et al. 2001; Jonard et al. 2011). Based on a review of cur-
rent and upcoming SAR sensors, it is anticipated that ASAR is able to provide soil 
moisture measurements for field size of two hectares or more and the Radarsat-2 would 
be able to manage field sizes above 0.3 hectares (Baghdadi et al. 2008). However, it 
becomes more difficult for small-scale measurements due to significant spatial soil 
moisture variability (Western et al. 2002) as well as the large effects from surface 
roughness for bare soil.  
Verhoest et al. (2008) and Lievens et al. (2009) extensively reviewed the roughness 
parameterisation problems encountered for soil moisture retrieval on bare surfaces from 
SAR and pointed out that for an operational scale of soil moisture mapping new tech-
niques for retrieving surface soil moisture while circumventing surface roughness or 
those with remote sensing driven surface roughness characterisation are the areas to 
explore. Since surface soil moisture and surface roughness are two unknowns in an op-
eration, single frequency, single polarisation, single incidence angle or single temporal 
treatment of the SAR scene is insufficient and several combinations are explored to 
overcome the limitation, such as multi-frequency (Ferrazzoli et al. 1997; Bindlish and 
Barros 2000; Pierdicca et al. 2008), multi-polarisation (Hajnsek et al. 2003; Shi et al. 
2005; Baghdadi et al. 2006b; Rao et al. 2008; Saradjian and Hosseini 2011), multi-
incidence angle (Zribi et al. 2005; Zribi et al. 2006b; Baghdadi et al. 2006b; 
Baghdadi et al. 2007) and multi-temporal (Moran et al. 2000; Susan Moran et al. 
2000; Svoray and Shoshany 2004; Baghdadi et al. 2009; Mattia et al. 2009; 
Baghdadi et al. 2010). It is claimed that the former three approaches are not yet appli-
cable to satellite systems although good results are found in laboratory or airborne SAR 
systems (Wagner et al. 2007). A more recent study improved the situation and demon-
strated an applicable approach combining multi-incidence angle and multi-temporal 
treatments in a semi-arid environment from limited SAR images and along with signifi-
cant restrictions on SAR configurations and surface conditions (Rahman et al. 2008).  
Since almost a decade ago studies have adopted a multi-incidence angle approach to 
eliminating the roughness effect (Srivastava et al. 2003; Zribi et al. 2005; Zribi et al. 
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2006a; Zribi et al. 2006b; Baghdadi et al. 2006b; Baghdadi et al. 2007; Le Morvan 
et al. 2008; Lievens et al. 2009). Empirically calibrated coefficients are used for soil 
moisture retrieval based on two pairs of images with significantly different incidence 
angles (10° and 23° for lower incidence angles and 41° and 46° for higher incidence 
angles) from Radarsat-1 data and results were verified with only a total of five samples 
per scene (Srivastava et al. 2003). A minimum RMSE of soil moisture of 3.5 vol. % is 
found during the calibration phase for a relatively small dataset of 17–21 samples under 
the condition of at least two images with different (20° and 40°) incidence angles being 
available from both ASAR and Radarsat-1 data, where the empirical relationships cover 
the range of incidence angle from 21°–25° for VV polarisation, from 20°–28°, 34°–37° 
and 38°–45° for HH polarisation, and from 20°–24°, 24°–37° and from 40°–44° for HV 
polarisation for clay loam sites (Baghdadi et al. 2006b). Clearly certain restrictions are 
noted for different ranges of incidence angle and different polarisations, especially for 
VV polarisation. An even better result is achieved by Baghdadi et al. (2007), though a 
wide range of surface soil moisture, e.g. mv < 20 vol. % is yet to be verified (Baghdadi 
et al. 2002; Baghdadi et al. 2007).  
Efforts have been elaborated to semi-arid environments through the past decade or so 
(Sano 1997; Moran et al. 2000; Susan Moran et al. 2000; Svoray and Shoshany 
2004; Mattia et al. 2006; Thoma et al. 2006; Baup et al. 2007; Santanello et al. 2007; 
Zribi et al. 2011). Good results have been reported recently from using ASAR imagery, 
e.g. RMSE of the order of 4 vol. % and 5 vol. % are achieved on olive fields and wheat 
fields, however aided by in situ roughness measurements and with limited database 
(Zribi et al. 2011). 
After a review of current operational SAR sensors through a large database and investi-
gation in the upcoming SAR sensors, it is concluded that the recently launched Radar-
sat-2 (Morena et al. 2004) has the possibility to provide surface soil moisture retrieval 
at higher resolution by acquiring metre scale data and it is agreed that a RMSE of 
around 6 vol. % from C-band, single incidence angle data is generally achieved 
(Baghdadi et al. 2008). While extensive studies have been conducted for ASAR im-
agery, to the best knowledge of the author no encouraging result among limited publica-
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tions on surface soil moisture retrieval from Radarsat-2 data has been reported (e.g. 
(Merzouki et al. 2010; Gherboudj et al. 2011).  
Radar remote sensing has been used for retrieving and mapping surface soil moisture 
for decades. For this purpose, various models have been developed, ranging from em-
pirical models based on extensive databases (Hallikainen et al. 1985; Oh et al. 1992; 
Deroin et al. 1997; Zribi and Dechambre 2003), to relatively site-independent semi-
empirical models (Dubois et al. 1995; Oh et al. 2002; Thoma et al. 2006; Loew et al. 
2006a; Loew and Mauser 2006b) and to site-independent theoretical backscatter mod-
els (Fung and Pan 1987; Wu and Chen 2004; Wu et al. 2008; Song et al. 2009; 
Huang et al. 2010). Good performance of empirical models is limited to those target 
sites with similar soil parameters and radar configurations as experimental measure-
ments during the model development process. For bare soil study, those models devel-
oped by Oh and Dubois are widely used. In addition, many efforts have been devoted to 
understanding physical interaction between radar backscattering and surface geophysi-
cal parameters through theoretical backscattering modelling. The Integral Equation 
Model (IEM) is one the most widely used numerical backscatter models for bare soil 
surfaces thanks to its large roughness validity domain, with several further develop-
ments such as the AIEM, although fewer applications have been reported (Wu et al. 
2008; Brogioni et al. 2010; Nearing et al. 2010). Others include the Small Perturbation 
Method (SPM), the Kirchhoff Approximation (KA) and the Numerical Maxwell Model 
in 3-D Simulations (NMM3D) (Fung et al. 1992; Chen et al. 2003; Huang et al. 2010). 
Based on the above overview, this work will elaborate the study of surface soil moisture 
retrieval from SAR data in depth and with the following aims: 
1) Explore the capability of current C-band SAR sensors ASAR and Radarsat-2 on 
surface soil moisture retrieval in terms of the accuracy and spatial scale, e.g. at 
field scale; 
2) Develop a fully operational approach for surface soil moisture monitoring and 
mapping in the semi-arid environment; 
3) Assess the capability of the AIEM in surface soil moisture inversion. 
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Achievements are reached by hard work 
rather than recreation.  
Actions are done after thorough considera-
tion rather than casual decision. 
---Han Yu, Poet in Tang Dynasty 
Chapter 3 Study Site and Field Characterisation 
This chapter consists of three parts. The first part starts with an overview of the geo-
graphic and climatic characteristics and impacts in climate change scenarios on, in par-
ticular, agriculture water usage on the island of Sardinia, specifically the Campidano 
Plain. The study site, Azienda San Michele, is also described. The second part describes 
campaign schemes and field measurements for surface soil moisture and surface rough-
ness parameters accompanied by the geophysical characteristics of the bare fields based 
on the in situ measurements. Vegetation parameters are also described and illustrated.  
3.1. Study Area 
3.1.1. Sardinia and Campidano Plain 
Autonomous Sardinia is the second largest island in the Mediterranean Sea narrowly 
after the island of Sicily. Located approximately between 8° E–10°E and 39°N–41°N, 
with equivalent distance to the continents of Europe and Africa, Sardinia covers a land 
surface area of 23,833 km
2
 (Vogiatzakis et al. 2008). The elevation of Sardinia ranges 
from sea level up to about 1,829m on the Punta La Marmora of the Gennargentu range 
in the eastern part of the island, with the majority mountainous area (Figure 3.1). The 
complexity of landscapes in Sardinia can be traced to the geological history of the Pre-
cambrian era (Vogiatzakis et al. 2008). 
The Campidano Plain, as the largest plain of Sardinia of an area of about 2,500 km
2
 – 
around one tenth of the whole island – is located in the south-western portion of the 
island (Figure 3.1). The alluvial plain is between 12 and 25 km wide, extending about 
110 km from the Gulf of Oristano on the western coast to the Gulf of Cagliari on the 
southern coast (Schmid 2008). It separates Sardinia into two sections of highlands – the 
relatively small Iglesiente on the south-west and the Sulcis covering the whole other 
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northern and eastern part of Sardinia. With one of the few major and the largest river on 
the island – the Tirso – flowing through it, the Campidano Plain is the agricultural 
heartland of Sardinia with cereal grains, olives, almonds, vegetables, fruit, and grapes 
for wine as the primary agricultural products.  
 
 
Figure 3.1 Overview of the island of Sardinia masked by 10m spacing DTM grids obtained from Sar-
dinia Territory – Planning and Landscape of Sardinia (Sardegna Territorio – Pianificazione e 
Paesaggio della Sardegna, http://www.sardegnaterritorio.it). Major locations, the Rio 
Mannu di San Sperate Basin and the Campidano Plain, are marked. The study site, Azienda 
San Michele is located between the villages Ussana and Donori on the eastern edge of the 
Campidano Plain. 
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3.1.2. Rio Mannu di San Sperate 
The southern part of the Campidano Plain belongs to the Rio Mannu di San Sperate 
Basin, which drains an area of 472 km
2
 in the southern part of Sardinia. A stream flow 
gauge was installed at the basin outlet, Monastir (a small town about 2 km west of Us-
sana), and collected measurements from 1925 to 1963. A small reservoir is present at 
the basin outlet and is used by ENAS, an agency of the Regione Autonoma della 
Sardegna government managing water, to collect water for multiple uses. The basin is 
mainly covered by agricultural fields and grassland, while only a small percentage of its 
area is occupied by forest, in the south-east of the basin. Small urban areas are also pre-
sent inside the watershed. The soil in the mountainous part of the basin is classified as 
brown soils and lithosols on crystalline schists and quarzites. The lower areas on the 
other hand are brown soils, regosols and vertisoils or marls, sandstones and conglomer-
ates. The floodplain is characterised by alluvial soils, predominantly gravel or sandy 
gravel. The basin ranges in elevation from 62m to 842m above the sea level (m.a.s.l.) 
with an average of 295.5 m.a.s.l. The headwater of the main river channel is located in 
the mountains of Sette Fratelli (south-east of the basin), an area with higher elevation 
(up to 800 m.a.s.l.) and rugged terrain.  
3.1.3. Climate 
The climate of Sardinia is mainly influenced by Mediterranean Sea breezes, as typical in 
the region, consisting of warm and dry summers and cold and humid winters with a fea-
ture of strong wind with unforeseen rain (Vogiatzakis et al. 2008). The Mistral, which 
blows from the north-west through the Campidano Plain, is the dominant wind on the 
island, among two other strong influential winds, namely the Libeccio from the south-
west and the Ponente from west (Vogiatzakis et al. 2008). The yearly precipitation for 
the Campidano Plain ranges from 400mm/a~500mm/a in the southern part to 
600mm/a~700mm/a in the northern part (Chessa and Delitala 1997). Table 3.1 lists 
monthly and yearly climate statistics in terms of temperature, precipitation and humidity 
for the period 1971–2000 from the meteorological station of Cagliari Elmas, about 15 
km from the study site. The table highlights the warm and dry summers, while half of 
July and August sees maximum temperatures of over 30°C and with less than 8 mm of 
monthly precipitation.  
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Table 3.1 Climate statistics from Cagliari Elmas meteorological station for the years 1971–2000 
CAGLIARI ELMAS 
(1971–2000) 
Monthly 
Yearly 
Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. 
T. max. medium (°C) 14.3 14.8 16.5 18.6 22.9 27.3 30.4 30.8 27.4 23.1 18.3 15.4 21.7 
T. min. medium (°C) 5.5 5.8 7.1 8.9 12.4 16.2 18.9 19.6 17.1 13.7 9.3 6.6 11.8 
Hot days (Tmax ≥ 30 °C) 0 0 0 0 0 5 17 19 5 0 0 0 46 
Cold days (Tmin ≤ 0 °C) 2 1 0 0 0 0 0 0 0 0 0 1 4 
Precipitation (mm) 49.7 53.3 40.4 39.7 26.1 11.9 4.1 7.5 34.9 52.6 58.4 48.9 427.5 
Rainy days (≥ 1 mm) 7 7 7 7 4 2 1 1 4 7 7 7 61 
Relative Humidity (%) 79 76 74 72 71 67 65 66 70 76 79 80 72.9 
Figure 3.2 illustrates the climate conditions during campaign periods in 2008 and 2009. 
There is hardly any precipitation from June through the summer in each year while the 
maximum temperature varies from around 30°C up to 38°C. However, the amount of 
precipitation varies in late spring, while 2009 saw an extremely dry May according to 
the historical average and led to a hotter summer than 2008.   
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Figure 3.2 Maximum temperature and precipitation during campaign periods – top: 2008 and bottom: 
2009 (Data retrieved from the European Climate Assessment and Dataset project 
(http://eca.knmi.nl/) based on information from the Cagliari meteorological station).  
 
Figure 3.3 Modified figure from (Duce et al. 2004) showing the increasing trend of August and yearly 
average temperatures for north-west Sardinia for the period 2005 to 2099 from scenario B2.   
The warm and dry situation in the summer and on a yearly basis is amplified by future 
climate variability analysis. Climate scenarios A2 and B2 showed an increase in annual 
mean temperature of about 1–5°C along with a decrease in annual mean rainfall of 
about 100 mm up to the year 2100 (Duce et al. 2004), while Figure 3.3 exemplifies a 
clear upward temperature trend in both August and yearly average throughout the 21
st
 
century for north-west Sardinia based on scenario B2. Based on their analysis, half of 
the Campidano Plain will be downgraded from most suitable land in terms of pedo-
climate Land Capability for Agriculture (LCA) from the period 1971–2000 to least suit-
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able land for the period 2070–2099 under climate change scenario A2. The term LCA 
classifies land into four categories – most suitable, moderately suitable, least suitable 
and not suitable – in terms of its range of quality and potential productivity for agricul-
tural purposes (Duce et al. 2004). Table 3.2 shows a significant and alarming shrinkage 
of the most suitable land and expansion of the least suitable land in the LCA class for 
Sardinia under both climate change scenarios A2 and B2. 
Table 3.2 Modified table from (Duce et al. 2004) for LCA class change in terms of the area as a per-
centage of the total area of Sardinia with reference to period 1961–2000 and future climate change 
scenarios A2 and B2. 
LCA class Area as percentage of total area of Sardinia (%) 
 1961–2000 Scenario A2 Scenario B2 
most suitable  23.7 10.5 14.0 
moderately suitable 27.7 19.3 19.7 
least suitable 17.4 38.4 35.4 
not suitable  31.2 31.8 30.9 
Characterised as a semi-arid region, the Campidano Plain is extremely vulnerable to 
climate change (Duce et al. 2004) and human use (Vogiatzakis et al. 2008). The envi-
ronmental degradation leads to several concerns including water resource management 
for agricultural purposes in this water scarcity situation. 
3.1.4. Azienda San Michele 
The study site, Azienda San Michele, with a total area of 4.35 km
2
, is located on the 
eastern edge of the Campidano Plain, between the villages Ussana and Donori, with 
central coordinates of 39°25‘N, 9°06‘E (Figure 3.1). The Azienda is one of the well-
equipped research based farms operated by the Agencia per la Ricerca in Agricoltura, 
AGRIS (the Agricultural Research Agency of Sardinia). Part of the Azienda (approxi-
mately 2 km
2
) is located in a hilly area with Maquis shrubland vegetation that is also a 
centre of wildlife animal restocking. In the north-eastern part, the Azienda is delimited 
by the San Michele hill. At the bottom of this hill, the river Rio Flumineddu joins the 
Rio Mannu. The Azienda has been used for decades to investigate agricultural genetics 
for the more efficient farming of durum wheat in climatic conditions with frequent 
drought periods.     
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Several bare fields, marked in beige in figure 3.5, ranging from 1.7 ha to 4.4 ha, are 
prepared during each campaign and crop fields are also included such as broad bean and 
wheat (two major agricultural products in Sardinia marked in green and orange respec-
tively) as well as canola (marked in yellow). Red lines define field boundaries for the 
Azienda. Grey parts denote buildings. A trihedral corner reflector, built by the Institut 
national de la recherche scientifique. Centre Eau, Terre & Environnement, Quebec 
(INRS, Quebec), with edge length of 1m, is set up at the north-west corner of Field 11 
(abbreviated as F11) and its orientation is adjusted to each satellite pass (Figure 3.4). 
The size and soil texture of the bare fields are given in Table 3.3, ranging from 1.7 ha 
for F11 to 4.4 ha for F21. The sizes of the crop sample fields are given in Table 3.4, 
ranging from 1.7 ha of a canola field to 7.5 ha of a broad bean field in 2008. Note that 
F32 is treated separately, namely F32_high and F32_low. Explanation will be given 
after the description of the sample point (SP) selection scheme. 
Table 3.3 Size and soil texture of the bare fields in the Azienda San Michele. 
ID Sand (%) Clay (%) Silt (%) Size (Hectare) 
F11 51 17 32 1.7 
F21 47 32 21 4.4 
F31 58 24 18 2.6 
F32_high 44 35 21 2.9 
F32_low 44 35 21 2.1 
Table 3.4 Size of crop fields in the Azienda San Michele. 
ID Crop type Size (Hectare) 
W1 wheat 3.9 
B1 broad bean 7.5 
B2 broad bean 3.0 
B3 broad bean 2.4 
C1 canola 1.7 
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Figure 3.4 Photo of corner reflector set up with Seppo Schmid and Dr Imen Gherboudj on 2
nd
 May 2008.     
 
Figure 3.5 Study fields are marked with field ID, coloured by land use in the Azienda San Michele in the 
UTM system with a geo-referenced aerial photo as background. 
3.2. Field Measurements 
3.2.1. In situ measurement overview 
Extensive field measurements are conducted during the campaigns in 2008–2009. Table 
3.5 lists the parameters measured, with a corresponding short description, such as the 
methods and equipment used. Detailed description of field measurements will be given 
in Section 3.2.2.  
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Five sample points (SPs) are selected and marked with sticks on each field. The SP se-
lection scheme is exemplified by F32. Overall, SPs are equally distributed according to 
the field shape and local terrain characteristics for a better representation of the test 
fields as illustrated in Figure 3.6. SPs with labels and brightly-coloured bands are fixed 
at different heights to the ground according to the surrounding obstacles, i.e. labels and 
bands are higher in the canola field than those on bare fields (Figure 3.7). For F32, the 
south-west facing slope in the middle part of the rectangular field separates the field into 
two parts with significant elevation difference between both parts. Therefore, one SP, i.e. 
SP2, is selected at the edge of the slope in the centre part of the field while those two 
―separated‖ parts are represented by two separate SPs. Because significant slope may 
lead to a significant difference in surface soil moisture distribution within F32, F32 is 
treated as F32_high and F32_low separately for further study. 
Table 3.5 Dataset through the year 2008–2009 for the Azienda San Michele. 
Parameter Note 
Soil moisture 
(mv) 
 Five repetitions at five sample points at 1–4 cm and 5-8 cm depths on each 
field (including bare and crop) for almost every satellite pass.  
 Both gravimetric method and ThetaProbe ML2x are used. 
rms height s Close-range photogrammetric measurements using the Rollei D7 camera for each bare 
field on a weekly basis.  
Soil type Granulometric method is used for five samples per bare field. 
LAI LAI-2000 Plant Canopy Analyzer is used. Five samples are taken for each sample point. 
Biomass Two samples of 1m
2
 crops are taken for each sample point. 
Vegetation height 10 samples are taken for each sample point. 
Row distance 5 samples are taken for each sample point. 
Plant density Plant number per m
2
 is counted and two samples are taken for each sample point. 
GPS coordinates Magellan GPS NAV 5000. 
Field photos Digital cameras. 
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Figure 3.6 Exemplifying SP selection scheme by Field 32 and 10m spacing DTM grids obtained from 
Sardinia Territory – Planning and Landscape of Sardinia (Sardegna Territorio – Pianificazi-
one e Paesaggio della Sardegna (http://www.sardegnaterritorio.it/). 
 
Figure 3.7 Two photos of SPs on one bare field taken on 2
nd
 May 2008 and on one broad bean field 
taken on 7
th 
May 2008. 
3.2.2. Soil moisture     
3.2.2.1. Volumetric and gravimetric soil moisture 
Many indexes or parameters are related to the proportion of soil, water and air in a sam-
ple. The following subsection will only list those related to soil moisture. Soil moisture, 
also termed soil water content or soil wetness, can be expressed in both gravimetric and 
volumetric perspectives. The gravimetric soil moisture mg, also termed mass wetness, is 
defined as the ratio of the mass of water to the mass of dry soil particles (Hillel 1998): 
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𝑚𝑔 = 𝑀𝑤 /𝑀𝑠  
3.1 
where Mw and Ms denote the mass of water and the mass of dry soil in the sample re-
spectively. Dry soil normally refers to a mass of a certain amount of soil dried in an 
oven at over 105°C for over 24 hours. Therefore this reference is implemented as the 
guideline of gravimetric measurements in this study.  
The volumetric soil moisture mv, similarly also termed volume wetness, is defined as a 
percentage of the total volume of water to the total volume of the sample (Hillel 1998): 
𝑚𝑣 =
𝑉𝑤
𝑉𝑡
= 𝑉𝑤 /(𝑉𝑠 + 𝑉𝑓) 
3.2 
where Vw, Vt, Vs and Vf denote the volume of water in the sample, the total volume of 
the sample, the volume of the dry soil and the volume of pores. The volume of pores Vf  
is defined as (Hillel 1998): 
𝑉𝑓 = 𝑉𝑎 + 𝑉𝑤  
3.3 
where Va denotes the volume of air in the sample. When the sample is saturated, the 
volumetric soil moisture is equal to porosity f, which is an index of the relative pore 
space in a soil generally ranging from 30% to 60%, frequently used by ecologists and 
agronomists (Hillel 1998): 
𝑓 =
𝑉𝑓
𝑉𝑡
= (𝑉𝑎 + 𝑉𝑤 )/(𝑉𝑠 + 𝑉𝑎 + 𝑉𝑤 ) 
3.4     
Gravimetric soil moisture can be converted to volumetric soil moisture through: 
𝑚𝑣 = (𝑀𝑤 /𝑀𝑠) ∗ (𝑀𝑠 ∗ 𝜌𝑤 /𝑉𝑡) = 𝑚𝑔 ∗ 𝜌𝑤 ∗ 𝜌𝑏  
3.5 
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where ρw and ρb denote the water density and the dry bulk density. 
For clarity, all soil moisture values are expressed in volumetric terms in this study. Sur-
face soil moisture measurements are taken each day in accordance with satellite pass 
time, i.e. sampled in the morning of a descending pass and in the late afternoon in case 
of an ascending pass. The following subsections will explain the in situ soil moisture 
measurement scheme in more detail. 
3.2.2.2. Gravimetric measurement 
The gravimetric measurement is the direct and conventional method for measuring soil 
moisture. However, the method is destructive to soil, time-consuming and an impracti-
cal measurement on the field, because samples have to be taken from field to laboratory, 
each sample has to be weighed before and after drying in an oven, and a minimum of 24 
hours is needed for drying in the oven. In addition, collecting, labelling, weighing and 
noting for a large number of samples requires significant patience and concentration. In 
this study, five repetitions are taken for each SP on each field. These repetition locations 
are randomly selected around the SPs. For each repetition, two aluminium rings are 
overlaid and hammered vertically from the surface soil to a deeper soil layer. After 
clearing the soil surrounding these rings with a shovel, two samples of soil of 100 cm
2
 
each are carefully collected and sealed in two plastic bags immediately to eliminate 
evaporation. The corresponding field ID, SP ID, repetition ID, soil layer depth (i.e. 1–4 
cm or 5–8 cm) and the collection time are marked on each plastic bag, e.g. 
F21SP3R15cm for the soil sample at 1–4 cm depth for the 3
rd
 repetition for sample 
point 3 and Field 21.    
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Figure 3.8 Taking soil samples for gravimetric soil moisture. In the photo: Seppo Schmid and the 
shadow of the author. Date: 3
rd
 May 2008. 
Each wet soil sample is weighed in the plastic bag in a light aluminium container in the 
laboratory. Note that different containers have to be treated separately due to different 
weights. After drying at 105°C in the oven for a minimum 24h, samples are taken out 
for re-weighing. All weights are noted carefully on a table for each depth, repetition, 
sample point, field ID and collection date and time. Volumetric soil moisture is then 
calculated using Equation 3.5. 
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Figure 3.9 Putting wet soil samples into aluminium containers. In the photo: Andrea Bez. Date: 2
nd
 
May 2009. 
Due to the high requirement of the gravimetric method, only limited dates are chosen 
for a reference database in each campaign. Subsection 3.2.2.3 will describe a more 
novel and mobile sensor using the ThetaProbe ML2x, which is one of a number of sen-
sors that can be based on electric resistance, neutron scattering, Gamma ray absorption 
and the Time Domain Reflectometer (TDR) (Topp et al. 1980; Hillel 1998). 
3.2.2.3. Theta Probe ML2x 
There has been recent progress in developing various soil moisture sensors based on 
electromagnetic theory which has been widely accepted for dielectric constant meas-
urement, e.g. TDR (Kelleners et al. 2009) and many others (Blonquist et al. 2005). 
The Theta Probe (ThetaProbe ML2x, Delta-T Devices, Cambridge, UK) measurement is 
a relatively new method: it is an impedance probe which functions on the equivalent 
degree of accuracy and reduces the complexity and expense, compared with the TDR 
measurement (Miller 1967). The probe measures volumetric soil moisture by the de-
termination of dielectric constant, also termed relative permittivity, of water: 
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𝑀𝑣 = ( 𝜀𝑟 − 𝑎0)/𝑎1 
3.6 
where the dielectric constant εr in the soil describes the ratio, as dielectric, of the capaci-
tance of a capacitor (four parallel metal rods for the ThetaProbe ML2x as shown in Fig-
ure 3.10) with the soil sample to the capacitance of the same capacitor with air. a0 and 
a1 are two constants dependent on soil type, which are generalised as 1.6 and 8.4 for 
mineral soils and 1.3 and 7.7 for organic soils. In situ calibration can also be taken when 
necessary (Miller and Gaskin). The derivation of the linear relationship between the 
square root of dielectric constant √εr and volumetric soil moisture mv is found in many 
publications (Topp et al. 1980; Whalley 1993).  
 
Figure 3.10 UMS INFIELD7 (left) and a broken ThetaProbe ML2x probe (right). 
Figure 3.10 shows two photos of the ThetaProbe ML2x. The one on the left shows it in 
a working condition for measuring soil moisture at 5–8 cm depth, where the probe is 
connected to the mobile UMS INFIELD7 data logger, where volumetric soil moisture 
can be read directly or stored. The photo on the right shows a broken probe with one 
bending rod due to strong resistance of stones in deep soil. It signals that care must be 
taken on similar measurement in the fields.  
As with the gravimetric scheme, surface soil moisture is measured by the probe at both 
1–4 cm and 5–8 cm depths for five repetitions around each of the five sample points on 
each field. The only difference is that two measurements are taken for top 1–4 cm soil 
moisture, including one vertically from the soil surface and one horizontally to a soil 
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profile. The vertical and horizontal values are averaged as the mean of the soil moisture 
at top 1–4 cm depth for the repetition of the sample point. 
To evaluate the probe approach, Figure 3.11 compares its measurements with volumet-
ric soil moistures derived from the gravimetric approach at both 1–4 cm and 5–8 cm 
depths. The grey points indicate soil moisture measurements at each sample point, while 
the black points are field average values. It shows that field averaged values yield a 
lower root mean square error (RMSE) of 3.4 vol. % compared to 4.3 vol. % from com-
parison on the sample point basis for both campaigns in 2008 and 2009. In addition, the 
mobile probe approach tends to slightly overestimate the soil moisture to field average 
scale.  
 
Figure 3.11 Comparison of surface soil moisture between gravimetric approach and using ThetaProbe 
ML2x at both 1–4 cm and 5–8 cm depths over the years 2008 and 2009, showing RMSE are 
4.3 vol. % and 3.4 vol. % for comparisons on a sample point basis and on field averaged 
value basis, respectively. 
In addition to field measurement, a meteorological station was set up on the field F11 
during the year 2008 with additional continuous (every 10 mins) soil moisture meas-
urements available at 10 cm and 20 cm depths. Unfortunately, the data logger became 
defective as a result of a flashing incident and was therefore unavailable for the year 
2009. The station data is not presented here since it is not used in this work. For more 
detail, the diploma thesis (in German) of Josef (Seppo) Schmid can be referred to 
(Schmid 2008). 
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3.2.3. Roughness    
Apart from the dielectric constant in the soil, soil surface geometry, i.e. surface rough-
ness, also contributes significantly to backscattering coefficients in the SAR system. 
The following subsections will introduce the statistical description of surface roughness 
and various in situ measurements. 
3.2.3.1. Statistical description of surface roughness 
Surface roughness is described as the surface variance compared to a smooth ‗reference 
surface‘, and is normally defined in two aspects: the vertical variance, namely the root 
mean square of the surface height, rms height s and the horizontal variance, namely the 
correlation length l, associated with different autocorrelation function (ACF). The rms 
height s is defined mathematically as: 
𝑠 =  
 (𝑍𝑖 − 𝑍 )2
𝑛
𝑖=1
𝑛 − 1
 
3.7 
where Zi and 𝑍  denote the height of the point xi on the profile surface and the mean 
height of all points on the profile and n denotes the total number of points. In practice 
all 1D or 2D profiles are sampled with a displacement. The rms height is found to in-
crease in accordance with the increase of profile length for a 1D profile (Oh and Kay 
1998; Baghdadi et al. 2000; Callens et al. 2006), while the relationship is not found in 
studies of 2D profiles. 
The normalised ACF ρ(x) for a horizontal displacement x  ́= jΔx, where Δx is the spatial 
resolution of the profile, is defined as: 
 
𝜌 𝑥  ́ =
 𝑍𝑖𝑍𝑖+𝑗
𝑁−𝑗
𝑖=1
 𝑍𝑖
2𝑁
𝑖=1
 
3.8 
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where Zi+j denotes the height of the point with the horizontal displacement j from the 
point xi. In this case, the correlation length l is defined as the horizontal displacement x ,́ 
at which the ACF ρ(x´) between each two points on the profile yields a value smaller 
than 1/e ≈ 1/2.7183 ≈ 0.3679, which is defined mathematically as: 
𝜌 𝑙 = 1/𝑒 
3.9 
Therefore l becomes positively infinitive on a perfectly smooth surface. Two basic 
autocorrelation functions are widely used as Gaussian and exponential functions for 
backscattering models (Fung 1994). They are described as: 
𝜌 𝑥  ́ = 𝑒− 𝑥  ́/𝑙  
3.10 
for the exponential correlation function and as: 
𝜌 𝑥  ́ = 𝑒−𝑥
2́/𝑙2  
3.11 
for the Gaussian function, while significantly different results are found in the correla-
tion length l from different autocorrelation functions (Verhoest et al. 2008). 
3.2.3.2. In situ measurement approaches  
Several approaches have been developed to measure and estimate surface roughness 
parameters including those mechanical instruments with physical contact with the soil 
surface, such as pin profilometer and meshboard, and those instruments with no physi-
cal contact, such as laser profiler and digital photogrammetry. The main techniques for 
soil moisture measurements have been reviewed recently by Bittelli (2011). 
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A pin profilometer consists of a board marked with reference grids along a number of 
vertically movable pins which can fall closely onto the soil surface and their horizontal 
and vertical positions are either registered electronically or photographed and then digi-
tised later to create a profile with both horizontal and vertical information of each posi-
tion that the pins are located. A meshboard is a gridded board, which needs to be in-
serted in the soil before the photographing and digitisation. Both pin profilometer and 
meshboard have the advantage of being rather low cost compared to the ―close-range‖ 
remote sensing approaches. While the pin profilometer has the disadvantage of the pos-
sibly destructive effect of the pins and limited vertical and horizontal resolutions (Jester 
and Klik 2005), the meshboard approach is limited by the difficulty of insertion of the 
meshboard into rough soil sufficiently deep (Verhoest et al. 2008). 
A laser profiler consists of a horizontally positioned rail and movable laser scanner 
along a rail connected and powered by an electric motor. The beamer detects the verti-
cal distance from beamer to soil surface and records the horizontal position simultane-
ously to a data logger (Mattia et al. 2003; Alvarez-Mozos et al. 2009). The technique 
benefits from high resolutions in both horizontal and vertical directions (Jester and 
Klik 2005), but is restricted to conditions where wind is limited, optical reflectivity is 
stable and no vegetation is present along the rail, otherwise errors may be introduced 
(Darboux and Huang 2003; Mattia et al. 2003; Jester and Klik 2005). 
This study adopts a 2D close-range photogrammetric approach as described in the fol-
lowing subsection. 
3.2.3.3. The close-range photogrammetric approach 
The photogrammetric approach has been used in soil surface measurement for over 30 
years, (e.g. (Gabriels and Boodt 1980; Merel and Farres 1998; Rieke-Zapp and 
Nearing 2005). (Zribi et al. 2000; Blaes and Defourny 2008; Heng et al. 2010) dem-
onstrated the capability of close-range photogrammetry in measuring surface roughness. 
This study deploys a digital photogrammetric system by Mr Philip Marzahn and up-
dated based on Marzahn and Ludwig (2009). 
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Figure 3.12 Photogrammetry system with aluminium frames, GCPs and Rollei d7 metric camera. 
The acquisition system consists of a set of aluminium frames along with 12 ground con-
trol points (GCPs) and a Rollei d7 metric camera as shown in Figure 3.12. A 1200 
mm×1200 mm square aluminium frame is set as the base of the system with three GCPs 
on each side, whose coordinates (x, y and z, listed in Table 3.7) are arbitrarily determined 
with a calliper to ensure an accuracy of 0.1 mm (Marzahn and Ludwig 2009) during 
the system development, which is described in Lascelles et al. (2002). The Rollei d7 is 
mounted on the rail parallel to the ground with a vertical distance of 1600 mm. The 
camera is movable along the rail with a baseline of 640 mm. Therefore, an approxi-
mately 65% overlap of two images at each sample point can be ensured for stereo imag-
ing. Similar to soil moisture measurement, five pairs of stereo images are taken for each 
of the five sample points on each bare field. In addition, a wired controller is connected 
with the camera to avoid human shadow on the photos. 
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Table 3.6 Rollei d7 interior orientation in the photogrammetric system in mm. 
focal focal length x0 y0 
7.43 0.17 0.01 
radial lens distortion k0 k1 k2 
0.019 -2.461e-3 3.978e-5 
 
Table 3.7 GCP coordinates in cm of the photogrammetric system. 
ID 1 2 3 4 5 6 7 8 9 10 11 12 
x 1.25 1.25 1.25 12.5 62.5 112.5 123.73 123.73 123.73 112.5 62.5 12.5 
y 12.5 62.5 112.5 123.73 123.73 123.73 112.5 62.5 12.5 1.25 1.25 1.25 
z 4.5 6.5 3 5 3.5 6 5 2.5 4.5 6 4 3.5 
The Leica Photogrammetry Suite (LPS 9.3) is used to generate a digital terrain model 
(DTM) from stereo image pairs. The interior information of the camera is known and 
set out in Table 3.6. Stereo photos are adjusted to grey scale (exemplified in Figure 3.13) 
and the exterior orientation is set up for the stereo photo pair using the 12 GCPs and 
additional tie-points are derived. A matching process is taken between both images with 
the minimum correlation coefficient set as 0.65 from a 11×11 kernel (Linder 2003). In 
the final step, the generated DTMs are interpolated to grids with a resolution of 4 mm. 
 
Figure 3.13 A pair of stereo photos taken on a sample point and the original colour photos are ad-
justed to 0-255 grey scale. 
After generating a DTM for each sample point, rms height s is easily achieved by statis-
tical calculation in ArcGIS 9.x, though more efforts are needed to estimate the correla-
tion length. Oliver and Webster (1986) and Robert and Richards (1988) started to use 
the semivariogram for modelling random variables of geomorphic properties and 
Curran (1988) first introduced the tool into remote sensing phenomena, which can be 
random, continuous and unlimitedly variable. The method has recently been adopted for 
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a Canadian study site (Merzouki et al. 2008). The semivariogram is deployed in this 
study to measure the correlation length. A semivariogram is a widely used geostatistical 
measure of, in this case, the variance of height of the sample point in a 1D or 2D profile 
with respect to other sample points, which are a fixed distance apart on the profile sur-
face, which is defined mathematically as: 
𝛾 𝑥  ́ =
1
2𝑁(𝑥 )́
  𝑍 𝑥𝑖 − 𝑍(𝑥𝑖 + 𝑥 )́ 
2
𝑁
𝑖=1
 
3.12 
where Z(xi) is the value of the random variable Z, i.e. the height of the point compared 
to the ‗reference surface‘ at the point x = xi, Z(xi + x )́ is the value of Z, at a distance x  ́
from the point xi, also termed lag, and N(x )́ is the number of pairs of sampling points 
with a lag of x  ́(Jury and Horton 2004). Figure 3.14 illustrates the terms and symbols 
in the semivariogram for correlation length estimation. The black dots represent the 
samples on the measured profile with the lag x  ́ as the horizontal axis and the 
semivariogram γ(x´) as the vertical axis. In addition to the lag x´, the sill s denotes the 
maximum the semivariogram can achieve, the nugget c0 denotes the point on the 
semivariogram axis where the extrapolated relationship γ(x´)/x´ intercepts with the 
semivariogram axis and the variance c is calculated by the sill minus the nugget 
(Curran 1988). The correlation length l is marked as the range beyond which samples 
are randomly correlated. 
As stated before, the Gaussian and exponential models are the two most widely used 
fitting models to sample semivariograms for correlation length. The semivariogram 
function in the geostatistical module in ArcGIS 9.x is used in this study.   
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3.2.3.4. In-field and temporal variability of surface roughness 
Alvarez-Mozos et al. (2009) raised the issue of spatial variability of surface roughness 
and hence the in-field variability and found that large in-field variability can easily in-
troduce an error of 2dB to the IEM backscattering coefficient estimation, therefore pro-
ducing an over 10 vol. % error into surface soil moisture estimation. An accurate sur-
face roughness measurement is necessary for roughness parameterisation. 
A few studies have shown that surface roughness parameter values remain stable during 
a long period, (e.g. (Verhoest et al. 1998; Alvarez-Mozos et al. 2006; Thoma et al. 
2006), while many others have found the rms height s decays over time and the correla-
tion length varies in an uncertain trend, which may be due to increasing numbers of 
rainfall incidents (Zobeck and Onstad 1987; Jester and Klik 2005; Callens et al. 
2006; Alvarez-Mozos et al. 2009). Therefore, both spatial and temporal variability of 
surface roughness are investigated for the study site in the following subsections 
through in situ measurement analysis. 
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Figure 3.14 Illustration of the terms and symbols in the semivariogram. 
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3.2.4. Geophysical characteristics of bare fields 
Basically, in situ measurements assume the mean of sampling values can be treated as 
equivalent to the field average values, and thus to match the scale of SAR observation. 
Therefore, it is also crucial to confirm the assumption before applying the values to 
modelling. The same reason is applied to the investigation of in-field soil moisture vari-
ability. In addition, a close investigation of temporal and spatial variability of roughness 
parameters in each test field is needed. 
To start with, Table 3.8 demonstrates the minimum and maximum values for all test 
fields of the field averaged soil moisture at 1–4 and 5–8 cm depths, the rms height s and 
the correlation length lGau and lexp  – the correlation length based on Gaussian and expo-
nential functions respectively. Campaigns mainly cover the months of May and June. 
During these periods, the soil moisture at both depths ranges from a wet condition with 
nearly 30 vol. % to an extremely dry condition (~3 vol. %). Between all the test fields, 
the difference of rms height s can reach about 1.5 cm, while correlation length has lar-
ger variations for different fields. The following parts will explore the trend of change 
of surface soil moisture and roughness parameters over study fields during the cam-
paigns. 
Table 3.8 In situ geophysical characteristics. 
 mv 1–4 cm (vol. %) mv 5–8 cm 
(vol. %) 
s (cm) l Gau (cm) l exp (cm) 
Min. 1. 33 3.06 1.71 15.35 20.04 
Max. 25.64 29.18 3.22 28.24 45.21 
 
Figure 3.15 and Figure 3.16 illustrate a downward trend of the soil moisture at both 1–4 
cm and 5–8 cm depths for all study fields during the campaigns. Average values of all 
samples on each field are used to represent the field average value. In both years, soil 
moisture conditions are similar on a year-to-year basis in a way that the soil moisture at 
1–4 cm depth retreats from around 15 vol. % at the end of April to about 5 vol. % at the 
end of June each year, while soil moisture at 5–8 cm depths behaves in a more stable 
fashion between 10–20 vol. %. Due to an unusual week of constant rain in the late April 
in 2009, the soil moisture at both depths reached the highest level of both campaign 
periods on 28
th
 April 2009. Note that the two large peaks on 7
th
 June 2008 and 17
th
 June 
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2008 are due to a pre-planned irrigation operation on F11 while a smaller-scale irriga-
tion operation was undertaken on F21 on 17
th
 June 2008, which introduced only a mod-
erate peak on the figure. One more irrigation operation was undertaken on F11 on 13
th
 
June 2009. In addition, rainfall effects are also well observed. Field measurements 
clearly represent both impacts from meteorological and human intervention aspects. 
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Figure 3.15 Soil moisture change and precipitation in mm through the campaigns of 2008 at both 1–4 
cm and 5–8 cm depths for each study field. 
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Figure 3.16 Soil moisture change and precipitation in mm through the campaigns of 2009 at both 1–4 
cm and 5–8 cm depths for each study field. 
Figure 3.17 illustrates the change of the rms height s for all four bare fields during the 
two campaigns. The measured rms height is found to be very stable within 0.5 cm 
within a campaign period, especially for the year 2009. An overall trend of decay of the 
rms height is observed. Note the first two measurements were taken in 2008 and the rms 
height of F11 increases considerably from the year 2008 to the year 2009. In addition, 
one sample of F21 was missing in 2008 on the figure due to a quality problem in the 
original photos. Figure 3.18 illustrates the correlation length samples for F11, F21 and 
F32 (F32_low and F32_high) during the campaign periods with exponential shape auto-
correlation function on the top and Gaussian shape autocorrelation length on the bottom. 
Unfortunately, in one sample from each of F21 and F31 it was not possible to find the 
exponential shape of correlation length within the available profile, which indicates a 
lack of size in certain conditions for this camera system to measure the correlation 
length with exponential shape of autocorrelation function. Apart from this, large varia-
tions (between 5 and 10 cm) are found (except for F32 with the Gaussian autocorrela-
tion function) in both exponential and Gaussian correlation length. 
 
Figure 3.17 The variability of the rms height s for four study fields during the two campaigns with the 
first two measurements of F11, F21 and F31 taken in 2008 while others were taken in 2009. 
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Figure 3.18 The variability of the correlation length l with exponential autocorrelation function (top) 
and Gaussian autocorrelation function (bottom) for three study fields during the two cam-
paigns with the first measurement of F21 and the first two measurements of F11 taken in 
2008 and the others taken in 2009. 
To further investigate the spatial variability of both soil moisture and roughness pa-
rameters, Table 3.9 shows the in-field variability, in terms of the mean of the absolute 
values and the mean variation among SPs, of soil moisture at both depths and roughness 
parameters. F32 is separated into two parts, as mentioned in the previous section, 
F32_low and F32_high. The mean standard deviations of surface soil moisture among 
SPs for every study field are well under 4 vol. %. Note that even within the Azienda, 
field average soil moisture can yield a difference of more than 10 vol. %. However, the 
in-field rms height and correlation length among SPs have large standard deviations. 
The mean variation is taken by averaging the results of mean of measurement values 
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divided by the mean of standard deviation among SPs. It is clear that in situ measure-
ments have reasonably small variance – about 20% – in soil moisture measurements at 
both depths except in extremely dry conditions, which is the case for F32, where the 
mean variation for 1–4 cm depth and 5–8 cm depth reaches 51% and 38% respectively. 
The sampling scheme is also approved through the variation assessment of the rms 
height. The field average standard deviation ranges from 0.05 cm for the field F32_low 
to 0.34 cm for the field F21. The mean variation of rms height ranges from 3% to a 
maximum of 17%. Compared to soil moisture and rms height, the field averaged stan-
dard deviations of the correlation length are larger on wet soils than on dry soils, rang-
ing from 11% to 46% for exponential shape autocorrelation function and from 7% to 42% 
for the Gaussian shape autocorrelation function. In addition, Figure 3.19 shows a clear 
positive correlation between the field averaged standard deviation of rms height and of 
correlation length with both exponential and Gaussian shape of ACF. R
2
 are 0.82 and 
0.64 respectively. 
Table 3.9 Mean in-field variability of surface geophysical parameters for all dates. 
field mean 1-
4cm mv 
(vol. %) 
std. 
dev. 
(vol. %) 
mean 5-
8cm mv 
(vol. %) 
std. 
dev. 
(vol. %) 
mean 
s 
(cm) 
std. 
dev. 
(cm) 
mean 
lexp 
(cm) 
std. 
dev. 
(cm) 
mean 
lGau 
(cm) 
std. 
dev. 
(cm) 
F11 14.03 3.08 20.14 3.59 2.04 0.21 31.07 12.32 20.84 7.45 
F21 10.40 2.64 16.69 3.72 1.97 0.34 29.03 13.43 21.72 6.94 
F31 6.85 1.27 8.46 1.61 1.94 0.28 24.06 9.97 26.80 11.37 
F32_low 2.23 0.78 8.68 1.84 1.65 0.05 21.89 2.40 15.08 0.89 
F32_high 3.58 1.82 9.01 3.44 1.48 0.16 30.99 6.79 17.76 2.79 
variation 18%~51% 18%~38% 3%~17% 11%~46% 7%~42% 
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Figure 3.19 The field averaged standard deviation of the correlation length (with R
2
 of 0.82 for expo-
nential and of 0.64 for Gaussian ACFs) increases with the field averaged standard devia-
tion of the rms height. 
3.2.5. Crop fields 
In addition to measurements on bare fields, fields planted with different crops are also 
prepared (Figure 3.5). Their sizes are given in Table 3.4. The same selection scheme of 
SPs is adopted for these fields. Several parameters are measured on these fields includ-
ing soil moisture at 1–4 cm and 5–8 cm depth, the vegetation water content, the Leaf 
Area Index (LAI), the row distance if applied, the plant density, the plant profile, the 
crop coverage and the vegetation height. Figure 3.20 demonstrates measurements on 
planted fields by a group of field photos of different types of crop. 
 
                                 (a)                                                               (b) 
R² = 0.82
R² = 0.64
0
5
10
15
20
0.0 0.1 0.2 0.3 0.4 0.5
st
d
. d
ev
. O
f 
th
e 
co
rr
el
at
io
n
 le
n
gt
h
 (
cm
)
std. dev. of the rms height (cm)
exponential
Gaussian
Study Site and Field Characterisation 
 
- 42 - 
 
     
                                   (c)                                                            (d) 
Figure 3.20 Field photos as (a) an overview of the wheat field W1 taken on 7
th
 May 2008, (b) a crop 
coverage photo taken on the bean field B1 on 8
th
 May 2008, (c) a plant profile photo on the 
canola field C1 taken on 6
th
 June 2008 and (d) a plant profile photo on the bean field B1 
taken on 8
th
 May 2008. 
3.2.5.1. Soil water content and vegetation water content 
The soil moisture measurements are the same as the sampling scheme on the bare fields. 
Similarly, two plots of 1m
2
 vegetation are carefully cut from the soil surface for each 
sample point. These samples are sealed and labelled before weighing in the laboratory. 
After drying in the oven at 85°C for 24h, the vegetation water content is calculated by 
the difference in the weight of the wet and the dried sample. The values of the two sam-
ples for each sample point are averaged as the value for the sample point and the values 
of all sample points are averaged to represent the study field. 
3.2.5.2. LAI 
The Leaf Area Index (LAI) is defined as the dimensionless ratio of total upper leaf sur-
face of vegetation divided by the surface area of the land where the vegetation grows. It 
is mathematically expressed as in Miller (1967): 
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𝐿𝐴𝐼 = 2  𝑙𝑛  
1
𝑃(𝜃𝑧)
 𝑐𝑜𝑠𝜃𝑠𝑖𝑛𝜃𝑑𝜃
𝜋
2
0
 
3.13 
where θz and P(θz) denote the view zenith angle and the gap fraction at the view zenith 
angle.     
While several approaches have been reported in literature (Chen et al. 1997), the LAI-
2000 Plant Canopy Analyzer (LI-COR, Lincoln, Nebraska) is used in this work. This 
equipment is regarded as a convenient version of a technique of hemispherical photog-
raphy which is used for characterising plant canopies using optical measurement taken 
looking upward through an extreme wide-angle lens (fish-eye) (Madgwick and 
Brumfiel.Gl 1969; Whitmore et al. 1993; Chen et al. 1997). Five sample measure-
ments are taken for each sample point and all samples are averaged to represent the field 
average value. 
3.2.5.3. Other vegetation parameters 
Row distance can only be measured in the wheat field in this work, since both broad 
beans and canola are randomly distributed. Since stems of wheat are regularly located, 
only one measurement per sample point is taken. Field averaged value is taken as the 
mean of the five samples. The plant density is calculated by counting crop stems per m
2
. 
Similar to the measurement of vegetation water content, two samples are taken for each 
sample point and all samples are averaged to represent the whole field. One crop profile 
photo is taken for each sample point with a 1m×1m gridded plastic board as reference 
(Figure 3.20 (c) and (d)), while these photos can be used to rebuild vegetation structure. 
Similarly, one crop coverage photo is taken for each sample point from the top for the 
area within a 25 cm by 25 cm frame (Figure 3.20 (b)). Ten plants around each sample 
point are chosen randomly for crop height measurement, and all samples are averaged to 
represent the field average crop height. 
3.2.6. Crop field database 
On crop fields, surface soil moisture shows a slightly different trend as the values are 
higher at the peak but drop quickly to below 10 vol. % in most cases for both 1–4 cm 
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depth and 5–8 cm depth as shown in Figure 3.21. The dynamic surface soil moisture for 
all crop fields is well recorded. In addition, surface soil moisture in different crop fields 
is of less variance than on bare fields. 
 
 
Figure 3.21 Temporal variability of surface soil moisture on crop fields in 2008 (top) and 2009 (bottom). 
Although with limited measurements, Figure 3.22 shows trends of the phenology stages 
of different crops in terms of the vegetation water content per m
2
. Beans grow until 
mid-May while both wheat and canola show a constant decrease in terms of biomass. 
Much more precipitation in late spring in 2009 than in 2008 may have accelerated the 
growing period of beans for a few days, in terms of the maximum vegetation water con-
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tent per unit area on 11
th
 May 2009 compared to 15
th
 May 2008 and the beans dried up 
much more quickly in 2009 than in 2008. 
 
 
Figure 3.22 Temporal variability of the vegetation water content on crop fields in 2008 (top) and 2009 
(bottom). 
Figure 3.23 plots the temporal LAI change for all crop fields through the campaigns. A 
few unexpected extreme values may indicate that the five samples for each of the five 
SPs are not sufficient to represent an accurate trend of the LAI, although the downward 
trend of the LAI through May and June is clear for all types of crop. 
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Figure 3.23 Temporal variability of the LAI on crop fields in 2008 (top) and 2009 (bottom). 
3.2.7. Other measurements 
In addition, soil texture is measured using the granulometric method by taking five soil 
samples per bare field, while each sample is sealed and labelled in a plastic bottle with a 
volume of 1000 cm
3
. After laboratory measurements, field average soil texture is listed 
in Table 3.10. Soil texture is traditionally classified by particle sizes in soil, namely 
sand, silt and clay, in descending order. In accordance with USDA (United States De-
partment of Agriculture) soil taxonomy, the soil type of each study field is also added to 
the table according to their fractions in a sample.  
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Table 3.10 Soil texture and size of each test field. 
Field Soil type Sand (%) Clay (%) Silt (%) Size (Hectare) 
F11 loam 51 17 32 1.7 
F21 sandy clay loam 47 32 21 4.4 
F31 sandy clay loam 58 24 18 2.6 
F32 clay loam 44 35 21 4.9 
 
Additional data are acquired as GPS coordinates for all field corners, SPs on fields and 
corner reflector and irrigation pipes for mapping purposes. 
 
 
Figure 3.24 Soil texture triangle according to the USDA classification scheme (USDA 2011). 
3.3. Summary 
Chapter 3 starts with an introduction focusing on the geographical and climatic charac-
teristics of the study site of this work – the Azienda San Michele on the largest plain of 
the island of Sardinia, the Campidano Plain. By emphasising the intrinsic and increas-
ing water usage pressure in various climate change scenarios in the Mediterranean semi-
arid region, the importance of timely and spatially cost effective surface soil moisture 
mapping and monitoring is raised.  
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Two field campaigns are conducted for this work in 2008 and 2009, covering the late 
spring and early summer of each year, when a trend from wet to extremely dry condi-
tions can be observed (Figure 3.15 and Figure 3.16). The principles of soil moisture and 
roughness parameter measurement are explained along with widely used in situ meas-
urement techniques. For soil moisture measurements, both the conventional gravimetric 
method and a more modern and mobile approach – the ThetaProbe ML2x – are adopted. 
A photogrammetry based surface soil roughness system is deployed in this work, which 
has the advantage of timely and cost effective field measurements of 3D representation 
of the geometry of the sampled soil surface. Based on this, detailed in situ measurement 
schemes in this work are given. The in situ database is carefully analysed for an over-
view of the geophysical characteristics of the study sites through the campaigns in terms 
of absolute values and temporal variability. Further investigations are taken on the spa-
tial variability of both soil moisture and roughness parameters within sample points on 
each of the study fields.  
The in-field variability of surface soil moisture at both depths is found within 4 vol. %. 
While limited rain events are available during the summer for the study site, the meas-
ured rms height remains constant (Figure 3.17). However, the correlation length with 
both exponential and Gaussian ACFs varies considerably through the campaigns 
(Figure 3.18). It is also found that the variation of the correlation length among SPs has 
a strong positive linear correlation with the variation of the rms height among sample 
points (Figure 3.19). The coverage of the designed camera system is found to be insuf-
ficient in certain cases to estimate correlation length with exponential ACF, but reliable 
for rms height measurements over the study fields. 
Although the main purpose of the work is on the SAR technique of geophysical parame-
ter retrieval on bare soil surface, measurements of surface soil moisture and several 
vegetation parameters are also conducted on different crop fields. The data are utilised 
in Chapter 6 for exploring the extension of the performance of the surface geophysical 
parameter retrieval model on crop fields.  
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Enjoy a grander sight by climbing to a 
greater height. 
---Wang Zhihuan, Poet in Tang Dynasty 
Chapter 4 Synthetic Aperture Radar 
This chapter starts by describing the technical fundamentals of radar, and then gives an 
introduction to Synthetic Aperture Radar (SAR), where various sensors are in operation 
(Ryerson and American Society for Photogrammetry and Remote Sensing. 1998; 
Woodhouse 2006; Richards 2009). The SAR geometry and its image processing are 
focused on, along with the fundamental relationship between the SAR image and sur-
face geophysical parameters. 
4.1. Radar Fundamentals 
The term ‗radar‘ stands for Radio detection and ranging, which operates in the micro-
wave range in the electromagnetic (EM) spectrum, with longer wavelengths beyond the 
visible and the thermal infrared range. Most applications are within 1 GHz and 40 GHz 
in frequency (Table 4.1). Note the P band and the Ultra High Frequency (UHF) band are 
partly overlapped. Benefiting from the long waves, radar systems are free from cloud 
cover compared to optical sensors. Radar is also an active sensor, which transmits and 
receives electromagnetic signal backscattered from the target or surface. Therefore, ra-
dar is characterised by its capability of working day and night independent of weather 
conditions.  
Table 4.1 Mostly used microwave bands and their frequency and wavelength range. 
Band Frequency (GHz) Wavelength (cm) 
P 0.22-0.39 77-136 
UHF 0.3-1 30-100 
L 1-2 15-30 
S 2-4 7.5-15 
C 4-8 3.75-7-5 
X 8-12 2.4-3.75 
Ku 12-18 1.67-2.4 
K 18-26.5 1.17-1.67 
Ka 26.5-40 0.75-1.18 
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A radar system transmits microwave signals to a target or surface, depending on its fre-
quency, polarisation and transmitting geometry of the sensor including the incidence 
angle, the swathe and the resolution element. After receiving backscattered signals from 
the target or the surface with post-processing, an observed scene consists of parameters 
as signal amplitude, polarisation, phase information and target position. Various types 
of radar systems have been designed for different purposes on the scene parameters, 
such as altimeter, scatterometer, and imaging radar, which includes real aperture radar 
(RAR) or side-looking airborne radar (SLAR) and synthetic aperture radar (SAR) 
(Ryerson and American Society for Photogrammetry and Remote Sensing. 1998).  
An imaging system is considered to be able to measure ―properties related to the spatial 
variability‖ directly and generate a two-dimensional radar image of the scene from the 
echoes received from the target or surface (Woodhouse 2006). Section 4.2 will focus on 
SAR and further explain the system. 
4.2. Synthetic Aperture Radar 
SAR is a relatively new technique. For a concise summary of the technical perspectives, 
six basic principles are given for SAR as the coherent scene illumination, image power 
mapping, well behaved transformation, conservation of energy, conservation of confu-
sion and conservation of coordinates (Ryerson and American Society for 
Photogrammetry and Remote Sensing. 1998). 
The geometry of a basic monostatic SAR system is illustrated in Figure 4.1, where θl 
denotes the look angle – the angle from the nadir direction to the sensor‘s line of sight, 
θd denotes depression angle – the angle from the sensor‘s line of sight to the sensor local 
horizontal line and θi denotes the incidence angle – the angle from the normal to a pre-
defined local reference surface to the sensor‘s line of sight, while the local incidence 
angle θ is the angle from the normal to the actual surface to the sensor‘s line of sight. 
The synthetic aperture refers to a method of processing echoes received from a target or 
surface to increase the spatial resolution on the azimuth direction by using the Doppler 
beam sharpening approach and coherently combining a series of low-resolution anten-
nae. Some terms can be clarified to better explain SAR geometry.  
Synthetic Aperture Radar 
 
- 51 - 
 
4.2.1. SAR geometry 
 
 
The Doppler frequency shift fD is defined as: 
𝑓𝐷 =
𝑣
𝛾
 
4.1 
where v and 𝛾 denote the relative velocity and the wavelength of the signal. 
The monostatic system, compared to a bistatic system, co-locates the transmitter and 
receiver on the same platform. In the monostatic system, a beam is transmitted from the 
sensor to illuminate an antenna footprint on the surface following the sensor‘s motion 
Motion direction 
θd 
θl 
Nadir 
Swath 
Ground range direction 
θi 
Azimuth direction 
Antenna footprint 
Figure 4.1 Illustration of geometry of a basic monostatic SAR system. 
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direction (Figure 4.1). The footprint is structured by two perpendicular axes – the azi-
muth and the ground range. The azimuth direction is the direction parallel to the sen-
sor‘s motion direction on the surface. The range, also termed the slant range, means the 
actual range measured by the sensor based on the time delay of transmitting and receiv-
ing. When the reference surface is transformed to the actual surface, the slant range is 
renamed the ground range. The slant range resolution ρs, with unit of frequency, is de-
fined as: 
𝜌𝑠 =
𝑐0
2𝐵𝑝
 
4.2 
where c0 and Bp denote the speed of light and the bandwidth of the chirped pulse used in 
the SAR system to maintain a long pulse (Woodhouse 2006), while the ground range 
resolution ρg, with unit of metres, can be transformed by considering the local incidence 
angle θ as: 
𝜌𝑔 =
𝜌𝑠
𝑠𝑖𝑛𝜃
 
4.3 
Therefore, a generally coarser resolution can be found when approaching the nadir di-
rection due to the shrinking incidence angle. 
     
Figure 4.2 The synthetic aperture geometry. 
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Before calculating the azimuth resolution, the geometry of the synthetic aperture is il-
lustrated by introducing the factor of the Doppler frequency shift as in Figure 4.2, which 
is drawn from the perspective of the SAR sensor. Vs and Vr denote the absolute speed of 
the sensor along the azimuth direction and the relative speed of the sensor along the 
range direction to the target respectively. In this case, the time the SAR takes to differ-
entiate signals Td can be described in units of seconds as: 
𝑇𝑑 =
𝑉𝑠
𝐵𝐷
 
4.4 
where BD stands for the Doppler bandwidth – the frequency separation on the R direc-
tion and on the R0 direction. To determine the temporal resolution Td and hence the 
azimuth spatial resolution ρa, the Doppler bandwidth BD has to be solved, which de-
pends on the maximum and the minimum relative velocity between the target and the 
SAR sensor. When the target enters or leaves the beam of the SAR sensor, the maxi-
mum relative velocity is achieved as: 
𝑉𝑟 = 𝑉𝑠 ∗ 𝑠𝑖𝑛𝜃𝑎  
4.5 
where θa denotes the angle between the velocity vector and the direction of the target. 
When the target is at the zero-Doppler position X0, the minimum relative velocity is 
achieved as –Vr. In this case, the Doppler frequency range is between f0-fD and f0+fD, 
where f0 and fD denote the original transmitted beam frequency and the Doppler fre-
quency respectively. The latter is calculated by: 
𝑓𝐷 =
2𝑉𝑟
𝜆
 
4.6 
Therefore, the Doppler bandwidth BD can be calculated by: 
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𝐵𝐷 =  𝑓0 + 𝑓𝐷 −  𝑓0 − 𝑓𝐷 = 2𝑓𝐷 =
4𝑉𝑟
𝜆
=
4𝑉𝑠𝑠𝑖𝑛𝜃𝑎
𝜆
 
4.7 
In the synthetic aperture system, θa is small, while the target is overwhelmingly smaller 
than the sensor‘s shift. Therefore 
𝑠𝑖𝑛𝜃𝑎 ≈ 𝜃𝑎 =
𝜆
2𝐷
 
4.8 
where D denotes the real length of the SAR antenna. In this case, the spatial azimuth 
resolution ρa can be achieved by substituting Equations 4.5–4.8 to Equation 4.4: 
𝜌𝑎 =
𝐷
2
 
4.9 
A smaller length of SAR antenna can lead to a finer spatial azimuth resolution. 
4.2.2. Geometric distortion of SAR images 
Due to the side-looking geometry, geometric distortions are intrinsic characteristics of 
SAR images.  
4.2.2.1. Layover and foreshortening 
As stated before, the relationship between the ground range and the slant range depends 
on the difference between the actual surface and the reference surface. Therefore, a fre-
quently found feature on SAR imagery is the layover when the actual surface varies 
significantly from the reference surface. As illustrated in the middle rectangle in Figure 
4.3, the up slope becomes narrower than the same degree of down slope on the slant 
range image, as well as in the ground range image. In extreme cases, when the echo 
from the peak of the target is received earlier than the near end bottom of the target as 
the left rectangle shows, the peak of the target will appear ‗falsely‘ closer to the nadir 
position than the bottom of the target. Note the slope degree and the distance of the tar-
get to the nadir position are two important factors to the layover effect, while the larger 
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the slope is and the closer the target is to the nadir position, a stronger layover effect is 
more likely to appear in the SAR image. 
 
 
4.2.2.2. SAR shadow 
Also illustrated in Figure 4.3, the SAR shadow happens in the target area behind a large 
slope, where no echoes are received due to the blockage effect from the large down 
slope. In this case, the local incidence angle is larger than 90° in the direction facing the 
SAR sensor. The larger the slope is, the larger the area of SAR shadow appears. Apart 
from these geometric distortions in SAR imagery, to process the original SAR images 
requires further efforts. 
4.2.3. SAR imagery processing 
Each pixel of a SAR image represents the signal response in terms of amplitude and 
phase at different polarisations for a certain length in range and azimuth direction. The 
amplitude and phase information is described by a complex number. The description of 
SAR imagery processing starts with several core terms in qualifying and quantifying the 
echoed information, e.g. polarisation, phase and the backscattering coefficient. Two 
important procedures in SAR imagery processing are followed — the speckle filter and 
geometric correction. 
SAR 
Slant range image 
SAR shadow 
Foreshortening 
Reference surface 
Lay-over 
Figure 4.3 An illustration of the geometric distortion in the SAR imagery assuming three identical 
surface structures. 
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4.2.3.1. Polarisation 
One of the most important properties for EM waves is polarisation, which describes the 
way the wave oscillates. In the SAR system, the Earth‘s surface is used as the reference 
surface and the horizontal and vertical directions are defined according to the relation-
ship between the plane on which the wave propagates and the reference surface. Figure 
4.4 illustrates the vertical and horizontal polarisations for EM waves. In both cases, the 
wave propagates to the z direction, with phase Φ = [0, 2 π]. A and λ are the amplitude 
and the wavelength of the wave respectively. The main difference between these two 
polarised waves is that for the oscillation component in x direction, Eh equals zero in the 
vertical polarisation while for the oscillation component in y direction, Ev equals zero in 
the horizontal polarisation. When |Eh| = |Ev| = A, the polarisation is defined as circular 
polarisation; exceptions are when in phase difference ΔΦ = nπ, where n = 0, 1, 2…∞, 
the polarisation becomes linear polarisation and this term applies to the case when |Eh| ≠ 
|Ev|. When Eh ≠ Ev ≠ 0, the polarisation is defined as elliptical polarisation. The follow-
ing parts in this subsection will briefly introduce the mathematical description of polari-
sation. 
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The modified Stokes vector, consisting of four parameters, is introduced to fully de-
scribe a polarised wave (Woodhouse 2006): 
𝑔𝑚 =  
𝐼𝑣
𝐼𝑕
𝑈
𝑉
 = 𝐼0
 
 
 
 
 
 
1
2
(1 + 𝑠𝑖𝑛2𝜓𝑐𝑜𝑠2𝜒)
1
2
(1 − 𝑠𝑖𝑛2𝜓𝑐𝑜𝑠2𝜒)
𝑠𝑖𝑛2𝜓𝑐𝑜𝑠2𝜒
𝑠𝑖𝑛2𝜒  
 
 
 
 
 
 
4.10 
where I0 is the first of the four Stokes parameters, which is a measure of the total 
amount of energy in the polarised wave and defined as: 
A 
λ 
y 
x 
0 ½ π 
1½ π π 
2 π 
 π 
2 π 
 π 
2 π 
z 
direction of 
propagation 
Φ 
y 
x 
direction of 
propagation 
z 
Ev 
Eh 
Figure 4.4 Illustration of EM wave vertical polarisation (top) and horizontal polarisation (bot-
tom) after (Woodhouse 2006). 
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𝐼0 =  𝐸𝑥
2 + 𝐸𝑦
2 =  𝐸𝑥
2 +  𝐸𝑦
2  
4.11 
where Ex and Ey are the two electric field vectors, as a whole to represent the wave vec-
tor. Ix and Iy are described as: 
𝐼𝑥 =  𝐸𝑥  
2 = (𝐼0 − 𝑄)/2 
4.12 
𝐼𝑦 =  𝐸𝑦  
2
= (𝐼0 + 𝑄)/2 
4.13 
where Q reflects the tendency of the polarisation to be more vertical or horizontal as 
mathematically defined as: 
𝑄 =  𝐸𝑦
2 −  𝐸𝑥
2  
4.14 
and the other two Stokes parameters U and V are joined to represent the phase differ-
ence ΔΦ between the horizontal and vertical tendency of the wave: 
𝑈 = 2𝐸𝑦𝐸𝑥𝑐𝑜𝑠ΔΦ = 2𝑅𝑒𝐸𝑦𝐸𝑥
∗ 
4.15 
𝑉 = 2𝐸𝑦𝐸𝑥𝑠𝑖𝑛ΔΦ = 2𝐼𝑚𝐸𝑦𝐸𝑥
∗ 
4.16 
where Re and Im refer to the real part and the imaginary part of the field components 
and the superscript * refers to the complex conjugate of the number. The orientation 
angle ψ and the ellipticity angle χ are defined as: 
𝜓 = tan−1(
 𝐸𝑦  
 𝐸𝑥  
) 
4.17 
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𝜒 = tan−1(
𝑏
𝑎
) 
4.18 
where a and b are the major and minor axes respectively of the projected polarisation 
ellipse. 
The original Stokes vector is given as: 
𝑔 =  
𝐼0
𝑄
𝑈
𝑉
 = 𝐼0  
1
𝑐𝑜𝑠2𝜓𝑐𝑜𝑠2𝜒
𝑠𝑖𝑛2𝜓𝑐𝑜𝑠2𝜒
𝑠𝑖𝑛2𝜒
  
4.19 
and they are related by g = Ugm, where 
𝑈 =  
1 1
1 −1
0 0
0 0
0 0
0 0
1 0
0 1
 . 
For a SAR system, the signal is transmitted from the sensor and scattered from the tar-
get on the surface and received as backscatter. Therefore, a relationship between the 
incidence Stokes vector gi and scattered Stokes vector gs: 
𝑔𝑠 = 𝑀𝑔𝑖  
4.20 
where M is a matrix related to the polarisation properties. When considering the rela-
tionship between incidence Stokes vector gi and the received Stokes vector gr, the dis-
tance from the target to the sensor, the range R needs to be taken into account, and 
therefore: 
𝑔𝑟 =
1
4𝜋𝑅2
𝑀𝑔𝑖  
4.21 
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In this case, the M is normally referred to as the Mueller matrix. A thorough description 
of the form of the Mueller matrix can be found in Cloude and Pottier (1996). 
To better facilitate two Stokes vectors in the linear polarisation system, an alternative 
scattering matrix S is introduced as: 
𝑆 =  
𝑆𝑉𝑉 𝑆𝑉𝐻
𝑆𝐻𝑉 𝑆𝐻𝐻
  
4.22 
The alternative scattering matrix S is a matrix consisting of four scattering complex 
numbers to describe the amplitude and phase of each linear polarisation direction. VV 
and HH are defined as cross-polarisations and HV and VH are considered as co-
polarisations. In most natural conditions, the two co-polarised scattering measurements 
are equalled as SHV = SVH. In this case, a target vector K is introduced as: 
𝐾 =  𝑆𝑉𝑉 𝑆𝐻𝑉 𝑆𝐻𝐻 
𝑇  
4.23 
where T is the transpose of the vector. A more commonly used term, the Pauli basis KP, 
is used as: 
𝐾𝑃 =
1
 2
 𝑆𝐻𝐻 + 𝑆𝑉𝑉 𝑆𝐻𝐻 − 𝑆𝑉𝑉 2𝑆𝐻𝑉 
𝑇 
4.24 
The factor 1/√2 is used to normalise the result. Two other commonly found matrices are 
the covariance matrix C and the coherency matrix T, which are described as: 
𝐶 = 𝐾𝐾∗𝑇 =  
𝑆𝑉𝑉
𝑆𝐻𝐻
𝑆𝐻𝑉
  𝑆𝑉𝑉
∗ 𝑆𝐻𝐻
∗ 𝑆𝐻𝑉
∗  =   
 𝑆𝑉𝑉  
2 𝑆𝑉𝑉𝑆𝐻𝐻
∗ 𝑆𝑉𝑉𝑆𝐻𝑉
∗
𝑆𝐻𝐻𝑆𝑉𝑉
∗  𝑆𝐻𝐻 
2 𝑆𝐻𝐻𝑆𝐻𝑉
∗
𝑆𝐻𝑉𝑆𝑉𝑉
∗ 𝑆𝐻𝑉𝑆𝐻𝐻
∗  𝑆𝐻𝑉  
2
   
4.25 
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𝑇 = 𝐾𝑃𝐾𝑃
∗𝑇 =
1
2
 
𝑆𝐻𝐻 + 𝑆𝑉𝑉
𝑆𝐻𝐻 − 𝑆𝑉𝑉
2𝑆𝐻𝑉
  (𝑆𝐻𝐻 + 𝑆𝑉𝑉 )
∗ (𝑆𝐻𝐻 − 𝑆𝑉𝑉)
∗ 2𝑆𝐻𝑉
∗ 
=
1
2
 
 𝑆𝐻𝐻 + 𝑆𝑉𝑉  
2 (𝑆𝐻𝐻 + 𝑆𝑉𝑉 )(𝑆𝐻𝐻 − 𝑆𝑉𝑉 )
∗ 2(𝑆𝐻𝐻 + 𝑆𝑉𝑉)𝑆𝐻𝑉
∗
(𝑆𝐻𝐻 − 𝑆𝑉𝑉)(𝑆𝐻𝐻 + 𝑆𝑉𝑉)
∗  𝑆𝐻𝐻 − 𝑆𝑉𝑉  
2 2(𝑆𝐻𝐻 − 𝑆𝑉𝑉)𝑆𝐻𝑉
∗
2𝑆𝐻𝑉(𝑆𝐻𝐻 + 𝑆𝑉𝑉)
∗ 2𝑆𝐻𝑉(𝑆𝐻𝐻 − 𝑆𝑉𝑉)
∗ 4 𝑆𝐻𝑉  
2
  
4.26 
4.2.3.2. Backscattering coefficient  
The scattered field of the electromagnetic energy is defined as the difference between 
the field with the existence of the target and the field without the existence of the target 
(Skolnik 2001). In a natural environment, the incidence signal can be scattered in any 
direction with different ratio to the total energy. Within the observation angle θl (Figure 
4.1), the effectiveness of scattered energy is described by a term named the scattering 
cross-section σ, which is mathematically described in m
2
 as: 
𝜍 𝜃𝑙 =
𝑆𝑐𝑎𝑡𝑡𝑒𝑟𝑒𝑑 𝑝𝑜𝑤𝑒𝑟 𝑝𝑒𝑟 𝑢𝑛𝑖𝑡 𝑠𝑜𝑙𝑖𝑑 𝑎𝑛𝑔𝑙𝑒 𝑖𝑛𝑡𝑜 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝜃𝑙
𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 𝑜𝑓 𝑡𝑕𝑒 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑖𝑛𝑐𝑖𝑑𝑒𝑛𝑐𝑒 𝑝𝑙𝑎𝑛𝑒 𝑤𝑎𝑣𝑒/4𝜋
 
4.27 
where 4π is used to normalise the plane wave to the solid angle, while the solid angle 
equals 4π for a full sphere. Only the energy scattered back to the SAR sensor can be 
recorded by the sensor and this amount of energy is termed the backscattering cross-
section σb, which also in units of m
2
 is defined as: 
𝜍𝑏 =
𝐼𝑟
𝐼𝑖
4𝜋𝑅2 
4.28 
where Ir and Ii denote the received energy intensity and incidence energy intensity. 
The above defined backscattering cross-section σb refers to discrete targets rather than 
an extended surface area in the natural environment. To relate the backscattered signal 
to the actual geometrical area A, the quantity of the backscattered signal is normalised to 
the area A by a term backscattering coefficient σ
0
, also termed sigma nought, or the 
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normalised radar cross-section (NRCS). The backscattering coefficient σ
0 
is unitless as 
expressed as: 
𝜍0 =
𝜍𝑏
𝐴
 
4.29 
When the surface topography is unknown, another measure, the brightness, also termed 
beta nought β
0
, is related to the sigma nought by: 
𝛽0 = 𝜍0𝑠𝑖𝑛𝜃𝑖  
4.30 
Pixel values of SAR images can be calibrated to either backscattering coefficient or 
brightness, while in this study only the backscattering coefficient σ
0
 is used. Different 
algorithms are used for different sensors and products. For ASAR APS mode the back-
scattering coefficient σ
0
 is calculated by Equation 4.31 (Rosich and Meadows 2004): 
𝜍𝑖,𝑗
0 =
𝐼𝑖 ,𝑗
2
𝑘
1
G  θl i,j 
2 (
Ri,j
Rr
)3sin⁡(𝜃𝑖 ,𝑗 ) 
4.31 
where Ii,j, k, G, θl i,j, Ri,j, Rr and θi,j denote the intensity, also termed the digital number 
(DN) of the pixel (i,j), the absolute calibration constant, the antenna pattern gain, the 
look angle for the pixel (i,j), the slant range for the pixel (i,j), the reference slant range 
and the incidence angle for the pixel (i,j). 
The backscattering coefficient σ
0
 is calibrated for Radarsat-2 SLC products first to the 
brightness β
0
i,j of the pixel (i,j) by RSI (2000): 
𝛽𝑖 ,𝑗
0 = 10 ∗ log10 (𝐷𝑁𝐼𝑖 ,𝑗
2 /𝐴2𝑖 ,𝑗 )
2 + (𝐷𝑁𝑄𝑖,𝑗
2 /𝐴2𝑖 ,𝑗 )
2  
4.32 
where DNIi,j and DNQi,j denote the intensity of the I and Q components of the pixel (i,j) 
and A2i,j corresponds to the range dependent gain. Afterwards, the backscattering coef-
Synthetic Aperture Radar 
 
- 63 - 
 
ficient σ
0
 is converted from the brightness by using Equation 4.30. The pixel with larger 
backscattering coefficient or intensity appears brighter than the pixel with smaller back-
scattering coefficient or intensity. 
4.2.3.3. Speckle 
Resulting from interference of the coherent backscattering of individual scatters within 
a pixel, appearing as ―salt and pepper‖ granular noise-like features on the image, 
speckle is one the main features of SAR images compared to optical images. It happens 
when the variation of backscattering amplitude and phase appears to fluctuate randomly 
across a homogeneous target, while however the same pattern of speckle will occur 
when a second SAR image is taken in the same geometry and the surface does not 
change between the two images‘ acquisition (Woodhouse 2006). Obviously, these 
speckle features create complexities in SAR image processing and have to be maximally 
eliminated.  
Several approaches can be applied to reduce the speckle effect. They are categorised 
into the following three parts (Lee et al. 1994): 
1) In the first category, backscattering signals from several sub-apertures of the 
whole synthetic aperture are incoherently averaged to reduce the speckle variance. 
This approach is also named the multi-look process (Porcello et al. 1976). An N-
look approach can reduce the standard deviation of speckle by a factor of √N 
while the spatial resolution is coarsened by a factor of N (Lee et al. 1994). 
2) In addition, various statistics filters can be applied to the speckles in the spatial 
domain of the SAR image. Among all, Lee (including the refined Lee filter) and 
Frost are two of the widely used filters (Lee 1980; Frost et al. 1981; Lee 1981). 
Other filters include the box filter, the median filter, the geometrical filter and the 
morphological filter (Crimmins 1985; Crimmins 1986; Safa and Flouzat 1989; 
Lee et al. 1994). 
3) The third category uses backscattering signals from different polarisations and/or 
different frequencies (Novak and Burl 1990; Lee et al. 1991). 
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A full description of the details of these approaches is beyond the scope of this work. 
This work uses a combination of a 7×7 sigma filter (Lee 1983) and a 3×3 median filter 
following a similar approach suggested in Lee et al. (1994). 
4.2.3.4. Geometric correction 
As described before, geometric distortion happens when the actual terrain differs from 
the reference surface and therefore detailed topographic information is needed for geo-
metric correction. Based on sufficient topographic information being retrieved from a 
digital elevation model (DEM), SAR images can be geo-coded through: 
Δ𝑅 ≃ 𝑕 𝑡𝑎𝑛𝜃𝑖  
4.33 
where ΔR denotes the target position difference between on the actual terrain and on the 
reference surface, while h and θi are the height of the target above the reference surface 
and the incidence angle respectively. Further geo-correction can be done by pre-set me-
tallic corner reflectors as unknown ground control points. Note that no geometric cor-
rection can compensate for the layover and SAR shadow effects from a single SAR ge-
ometry. 
4.2.4. Space-borne SAR sensors 
A large number of airborne systems have been used in the past, while space-borne SAR 
platforms have been developed largely in more recent decades. Especially since the 
European Space Agency (ESA) launched the European Remote Sensing Satellite (ERS) 
series – the ERS 1/2 in 1991 and 1995, respectively – space-borne SAR platforms have 
been able to provide a significant amount of valuable Earth observation. The ERSs were 
followed by the Radarsat-1/2 which were launched by the Canadian Space Agency 
(CSA) in 1995 and 2007, respectively and the Advanced Synthetic Aperture Radar 
(ASAR) launched by the ESA on the platform of Envisat in 2002. Apart from these C-
band sensors, the Japan Aerospace Exploration Agency (JAXA) launched L-band SAR 
sensor ALOS/Daichi in 2006 while most recently the German Aerospace Centre (DLR) 
successfully launched the X-band SAR sensors TerraSAR-X and TanDEM-X (Ter-
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raSAR-X add-on for Digital Elevation Measurement) in 2007 and 2010, respectively. In 
this work, only the C-band ASAR and Radarsat-2 imagery are used.  
4.2.4.1. ASAR 
ASAR, the successor of the previously launched ERS-1/2, is mounted along with nine 
other optical or radar instruments, on the Envisat platform, which was designed and 
launched in 2002 by the ESA. ASAR is an imaging microwave radar sensor operated at 
C-band with a full active array antenna equipped with distributed transmit and receive 
modules. The sensor is able to cover the region near the poles on a daily basis and the 
equator on a weekly basis (ESA 2007). By providing images with different incidence 
angles, dual-polarisation and wide swath coverage, ASAR can be used for both global 
and regional objectives. Seven swathe positions are provided as from IS1 to IS7 when 
using the Image Mode, which gives incidence angles ranging from 15° to 45° with a 
nominal spatial resolution of 30m. Two other measurement modes cover larger areas, 
the Wide Swath (WS) and Global Monitoring Mode (GMM). Both of them provide 
swathe coverage of 405 km, while the spatial resolutions are 150m and 1000m respec-
tively. Detailed technique parameters of different modes are summarised in Table 4.2. 
Note the Alternating Polarisation Mode (APS) provides three dual-polarisation options. 
The Single Look Complex (SLC) APS mode images with HH and VV polarisations are 
acquired for this work. The SLC means that one real and one imaginary component are 
used for each pixel to represent the amplitude and phase of the backscattered signal with 
the full azimuth bandwidth. Other SAR formats include multi-look detected (MLD) and 
precision images (PRI) (Woodhouse 2006).  
Table 4.2 Technical configurations for different ASAR measurement modes. 
Imaging Mode Polarisation Resolution (m) Swathe Width (km) 
Image Mode HH or VV 30 < 100 
Wave Mode HH or VV 30 5×5 vignettes 
Wide Swath Mode HH or VV 150 > 400 
Global Monitoring Mode HH or VV 1000 > 400 
Alternating Polarisation Mode HH and VV or 
HH and HV or 
VV and VH 
 < 100 
As in the Image Mode, seven options of image swathe are selectable from IS1 to IS7. 
Due to different look angles, the swathe width, ground position from nadir and the inci-
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dence angle range vary for different image swathes. Generally, smaller incidence angles 
accompany larger swathe widths and closer ground positions from nadir (Table 4.3). 
Table 4.3 Technical configurations of different image swathes derived and adapted from (ESA 2007). 
Image Swath  e Swathe Width (km)  Ground position from nadir (km)  Incidence Angle Range (°)  
IS1 105 187– 292 15.0– 22.9 
IS2 105 242– 347 19.2– 26.7 
IS3 82 337– 419 26.0–31.4 
IS4 88 412– 500 31.0–36.3 
IS5 64 490– 555 35.8–39.4 
IS6 70 550– 620 39.1–42.8 
IS7 56 615– 671 42.5–45.2 
 
4.2.4.2. Radarsat-2 
The Radarsat-2 was launched in 2007 for continuity with the Radarsat-1 mission, which 
was launched in 1995. The Radarsat-2 mission was designed and constructed with co-
operation between government and private industry – the CSA and MacDonald Dett-
wiler and Associates Ltd. (MDA). Radarsat-2 is operated at full-polarised C-band mi-
crowave at about 5.5 GHz. Five different products, which are Single Look Complex 
(SLC), Path Image Plus (SGX), Path Image (SGF), Map Image (SSG) and Precision 
Map Image (SPG) are available for 17 different beam modes. As only SLC data are ac-
quired for this work, the configurations of SLC data are selected as an example of the 
various beam modes for Radarsat-2 (Table 4.4).  
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Table 4.4 Technical configurations of SLC data for different Radarsat-2 imaging modes adapted from 
(MDA 2011). 
Imaging Mode Polarisation Options Resolution 
(m) 
Nominal  
Swathe Width 
(km) 
Incidence angle 
(°) 
Fine Single or Dual 5.2×7.7 50 30–50 
Wide Fine Single or Dual 5.2×7.7 150 20–40 
Standard Single or Dual 9.0 or 
13.5×7.7 
100 20–52 
Extended Low HH 9.0×7.7 170 10–23 
Extended High HH 13.5×7.7 75 49–60 
Wide Single or Dual 13.5×7.7 150 20–45 
ScanSAR narrow Single or Dual 79.9-37.7×60 300 20–46 
ScanSAR wide Single or Dual 160-72.1×100 500 20–49 
Fine Quad-pol (FQ) Quad 5.2×7.6 25 18–49 
Wide FQ Quad 5.2×7.6 25 18–42 
Standard Quad-pol Quad 9.0 or 
13.5×7.6 
25 18–49 
Wide Standard Quad-
pol 
Quad 9.0 or 
13.5×7.6 
25 18–42 
Ultra-Fine HH or VV or HV or 
VH 
1.6×2.8 20 20–49 
Wide Ultra-Fine HH or VV or HV or 
VH 
1.6×2.8 50 29–50 
Spotlight HH or VV or HV or 
VH 
1.6×0.8 18 20–49 
Multi-Look Fine HH or VV or HV or 
VH 
3.1×4.6 50 29–50 
 
4.3. C-band Microwave Interaction with Surface Geophysical Parame-
ters 
Since the C-band signal is minimally affected by the atmospheric properties, the main 
interaction between incidence signal and backscattered signal rooted from the surface 
geometric properties, e.g. surface roughness (in proportion to the wavelength) and re-
flectivity (dielectric properties). Therefore, Section 4.3 describes the effects of soil 
roughness and soil moisture on SAR images separately. 
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4.3.1. Microwave interaction with surface geometric properties 
Before using the term roughness, a rough surface needs to be defined for the SAR 
waves. Two criteria are concerned in defining smooth surface, namely the Rayleigh 
criterion and the Fraunhoffer criterion, which are described in Equations 4.34 and 4.35 
respectively: 
𝑠𝑠𝑚𝑜𝑜𝑡 𝑕 <
𝜆
8𝑐𝑜𝑠𝜃𝑖
 
4.34 
𝑠𝑠𝑚𝑜𝑜𝑡 𝑕 <
𝜆
32𝑐𝑜𝑠𝜃𝑖
 
4.35 
where s, λ and θi denote the standard deviation of the surface height from the mean 
height of the surface – the rms height – the incident signal wavelength and the incidence 
angle respectively. Only when the rms height s of the surface meets with the Fraunhof-
fer criterion in SAR backscattering modelling can the surface can be considered a 
smooth surface. Therefore, the rms height s of a rough surface is at least 0.175 cm for a 
C-band system (when λ = 5.6 cm).   
For a perfectly smooth surface, no backscatter can be received from the SAR sensor, 
while the reflection angle equals the incidence angle which is a non-zero value. When 
the surface is rough, a portion of the incident wave is able to backscatter to the SAR 
sensor. Figure 4.5 illustrates the scattered field defined by incidence angle and surface 
roughness. The same incidence angle is applied to three different conditions of surface 
roughness – perfectly smooth on the left, slightly rough in the middle and very rough 
surface on the right. On the slightly rough surface, the scattered intensity differs from 
the scatter angle with dominant scatter direction. This phenomenon decays on a very 
rough surface, where scatters become diffused. Therefore, the backscattering signal is 
closely related with the surface roughness conditions. Note that for the slightly rough 
surface, a smaller incidence angle leads to a stronger backscatter. 
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4.3.2. Microwave interaction with soils 
Apart from the surface roughness effects, the SAR signal is also affected by dielectric 
properties of soils. Soils are composed of soil particles (e.g. sand, clay and silt), air and 
water. The soil particles are generally much smaller than the C-band wavelength and 
therefore the bulk dielectric property plays a dominant role in the SAR signal interac-
tion with soils. The sensitivity of SAR signal to soil moisture is due to the fact that the 
dielectric constant varies significantly in liquid water and totally dry soil. However, the 
status of water determines its contribution to the dielectric constant, while only the free 
water molecules can be stimulated to the rotational energy states from EM waves, and 
bound water molecules are absorbed by soil particles. 
It is found that the real part of the dielectric constant ε´ increases from approximately 3 
in totally dry soil to approaching 80 in saturated soil while the imaginary part increases 
similarly at a slower rate, for a certain frequency of wave between 1.4GHz and 18GHz 
(Ulaby et al. 1986). In addition, the penetration increases with signal wavelength but 
decreases with soil moisture. It is also reckoned that volume scatters increase when the 
wave penetrates deeper into dry soil.  
4.4. SAR Imagery 
A total of 13 ASAR APS images with HH and VV polarisations and 11 Radarsat-2 FQ 
images are acquired over the campaign periods in 2008 and 2009 covering late spring to 
early summer each year (Table 4.5). Incidence angle ranges from 19° to 41° with most 
cases around 23°. Both ascending and descending modes are included. An average 
weekly coverage is guaranteed during the campaigns. For a concise illustration, figures 
in Table 4.6 are limited to one decimal point. If no roughness measurement was taken 
on the same date as the SAR acquisition, the measurement on the closest date is substi-
tuted. 
Figure 4.5 Different surface roughness status of the scattered field. Left: perfectly smooth surface; 
Middle: slightly rough surface; Right: very rough surface. 
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Table 4.5 SAR imagery collection. 
ID Date (yyyymmdd) Sensor Normalised Incidence angle (°) Orbit Polarisations 
1 20080503 ASAR 23 Desc. HH, VV 
2 20080522 ASAR 23 Desc. HH, VV 
3 20080524 Radarsat-2 22 Desc. HH, VV, HV, VH 
4 20080527 Radarsat-2 21 Asc. HH, VV, HV, VH 
5 20080528 ASAR 19 Asc. HH, VV 
6 20080531 ASAR 29 Asc. HH, VV 
7 20080606 ASAR 41 Asc. HH, VV 
8 20080613 Radarsat-2 27 Asc. HH, VV, HV, VH 
9 20080616 ASAR 23 Asc. HH, VV 
10 20080617 Radarsat-2 22 Desc. HH, VV, HV, VH 
11 20080624 Radarsat-2 28 Desc. HH, VV, HV, VH 
12 20090421 ASAR 19 Asc. HH, VV 
13 20090425 Radarsat-2 22 Desc. HH, VV, HV, VH 
14 20090427 ASAR 23 Asc. HH, VV 
15 20090428 Radarsat-2 21 Asc. HH, VV, HV, VH 
16 20090504 ASAR 29 Desc. HH, VV 
17 20090513 ASAR 19 Asc. HH, VV 
18 20090516 ASAR 29 Asc. HH, VV 
19 20090519 Radarsat-2 22 Desc. HH, VV, HV, VH 
20 20090522 Radarsat-2 21 Asc. HH, VV, HV, VH 
21 20090523 ASAR 23 Desc. HH, VV 
22 20090601 ASAR 23 Asc. HH, VV 
23 20090612 Radarsat-2 22 Desc. HH, VV, HV, VH 
24 20090615 Radarsat-2 21 Asc. HH, VV, HV, VH 
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Table 4.6 Range of backscattering coefficients σ
0
HH, σ
0
VV and σ
0
HV in dB, in situ surface soil moisture at 
1–4 cm and 5–8 cm depths-mv 1–4 cm and mv 5–8 cm in vol. %, rms height s in cm and correlation 
length for Gaussian and exponential function lGau and lexp in cm for each satellite acquisition. 
ID σ0HH (dB) σ
0
VV (dB) σ
0
HV (dB) mv 1–4 cm 
(vol. %) 
mv 5–8 cm 
(vol. %) 
s (cm) lGau (cm) lexp (cm) 
1 -11.3~-10.2 -.9.7~-8.0 n/a 5.9~9.1 8.1~13.4 1.6~2.6 19.4~27.0 26.8~33.6 
2 -9.8~-8.7 -8.4~-6.8 n/a 14.1~18.7 10.3~20.6 1.5-2.0 24.0-27.0 28.5~33.6 
3 -9.9~-8.5 -9.9~-8.2 -22.6~-19.0 11.4~15.1 9.9~19.2 1.5~2.0 24.0-27.0 28.5~33.6 
4 -9.1~-7.7 -10.0~-8.1 -21.8~-17.2 9.6~15.4 10.0~21.7 1.5~2.0 24.0-27.0 28.5~33.6 
5 -7.5~-6.3 -8.2~-5.8 n/a 6.5-11.4 9.2~17.7 1.5~2.0 24.0-27.0 28.5~33.6 
6 -10.5~-7.9 -9.1~-7.3 n/a 6.9~10.7 11.0~19.7 1.5~2.0 24.0-27.0 28.5~33.6 
7 -9.0~-8.6 -10.0~-7.8 n/a 6.9~25.6 8.3 ~25.5 1.5~2.0 26.0~30.6 28.5~33.6 
8 -9.9~-9.0 -10.4~-9.2 -21.2~-16.1 4.7~13.8 6.9~17.9 1.5~2.0 26.0~30.6 28.5~33.6 
9 -8.8~-8.3 -9.0~-7.3 n/a 3.4~11.8 5.4~18.3 1.5~2.0 26.0~30.6 28.5~33.6 
10 -10.1~-9.0 -10.1~-9.8 -21.0~-17.8 3.4~11.8 5.8~18.3 1.5~2.0 26.0~30.6 28.5~33.6 
11 -10.9~-9.7 -11.4~-9.1 -21.5~-17.0 2.8~10.0 5.4~17.3 1.5~2.0 26.0~30.6 28.5~33.6 
12 -9.6 -8.3 n/a 12.8 12.8 2.2 18.2 30.3 
13 -7.7 -8.2 -16.1 16.0 26.1 2.2 18.2 30.3 
14 -5.4 -5.8 n/a 22.4 29.2 2.4 21.5 39.0 
15 -5.1 -5.5 -14.5 22.4 29.2 2.4 21.5 39.0 
16 -9.0 -8.2 n/a 10.3 23.1 2.1 19.3 26.6 
17 -9.1~-7.7 -8.7~-8.4 n/a 1.3~6.5 9.0~18.6 1.5~2.1 14.8~20.3 21.9~31.0 
18 -8.7~-8.0 -9.2~-7.0 n/a 3.4~5.7 12.1~16.3 1.5~2.2 16.5~21.0 25.8~36.3 
19 -9.2~-8.4 -9.4~-8.6 -18.0~-16.0 1.5~4.9 4.9~13.7 1.5~2.2 16.5~21.0 25.8~36.3 
20 -8.6~-6.8 -8.8~-7.1 -17.3~-14.1 1.7~4.0 10.9~15.2 1.5~2.1 14.2~18.4 19.8~31.2 
21 -10.3~-9.7 -9.0~-7.2 n/a 1.7~4.0 10.9~15.2 1.5~2.1 14.2~18.4 19.8~31.2 
22 -9.2~-8.2 -8.5~-7.7 n/a 3.5~5.4 6.6~13.3 1.5~2.1 14.5~25.7 19.8~38.9 
23 -9.3~-7.4 -8.7~-7.3 -19.0~-16.2 2.4~16.0 6.6~23.3 1.4~2.1 15.4~20.3 22.1~31.1 
24 -8.3~-6.7 -9.0~-7.4 -18.3~-14.4 2.4~10.6 3.1~21.3 1.4~2.1 15.4~20.3 22.1~31.1 
4.5. Summary 
Chapter 4 provides a fundamental theoretical and practical background to SAR remote 
sensing systems and the data characteristics specifically regarding the relationship be-
tween surface geophysical parameters. The chapter starts with a brief introduction of the 
fundaments of radar with a focus on the SAR system. The principles of imaging geome-
try including polarimetry in the SAR system is further clearly defined and explained 
accompanied by SAR-related phenomena e.g. geometric distortion. Furthermore, a full 
SAR image processing scheme is provided including calibration, speckle filtering and 
geometric correction. The two SAR sensors/platforms are introduced and characterised. 
The last part of the chapter briefly describes the fundamental interaction between sur-
face geophysical parameters and SAR signal. A full list of SAR images is provided ac-
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companied with technical configurations (Table 4.5). In addition, the range of backscat-
tering coefficients, soil moisture at both depths and surface roughness parameters are 
associated with each image acquisition to parameterise the geophysical conditions for 
each satellite pass. The next chapter will start using these interactions from a modelling 
perspective. 
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The top class of virtue is like 
water, which benefits ten thou-
sand objects without any de-
mands for return. 
---Lao Zi 
Chapter 5 Soil Moisture Retrieval Model – Evalua-
tion and Assessment 
This chapter starts with a detailed description of the selected widely used semi-
empirical models – the Oh model, Dubois model and one semi-empirical model for ERS 
imagery, followed by an introduction to a theoretical backscattering model, the Integral 
Equation Model (IEM). A further development of the IEM – the Advanced IEM (AIEM) 
– is also described. It is necessary to verify the remotely sensed data as well as in situ 
measurements before implementing them into models and therefore field measured sur-
face soil moisture and SAR retrieved backscattering coefficients are verified against 
empirical relationships (Baghdadi et al. 2006b) in Section 5.2. Evaluations of these 
models are conducted in Section 5.3 by using SAR imagery and in situ measurements as 
described in the Chapter 4. Their performances in surface soil moisture retrieval are 
assessed against in situ measurement in Section 5.4. A short summary is given in Sec-
tion 5.5. 
5.1. Model Description 
In this section, three semi-empirical surface soil moisture retrieving models are de-
scribed, followed by an introduction to theoretical backscattering models – the IEM and 
the AIEM. In addition, two approaches to simplified roughness parameterisation – the 
empirical correlation length (Baghdadi et al. 2006b) and the Rahman approach 
(Rahman et al. 2007; Rahman et al. 2008) – are highlighted before implementing 
them into the AIEM. 
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5.1.1. Semi-empirical models  
5.1.1.1. Oh model 
Based on theoretical backscattering models, scatterometer measurements and airborne 
SAR data, Oh elaborated over the years a semi-empirical backscattering model for full-
polarisation microwave over bare soil fields (Oh et al. 1992; Oh et al. 1994; Oh et al. 
2002; Oh 2004). (Oh et al. 1992) used a truck-based scatterometer (LCX POLAR-
SCAT (Tassoudji et al. 1989)) and recorded full-polarimetric signals at L-, C- and X-
band with incidence angles ranging between 10° and 70°. This version of the model 
covers the conditions of surface roughness and soil moisture as: 0.1 < ks < 6.0, 2.6 < kl 
< 19.7 and 9 vol. % < mv < 31 vol. %. Two polarised ratios are introduced: the co-
polarised ratio p (= σ0HH/σ
0
VV) and the cross-polarised ratio q (= σ
0
HV/σ
0
VV). Through 
observations of radar backscatter data and scattering behaviour knowledge, the cross-
polarised ratio q is empirically described as: 
𝑞 = 0.23 Γ0 1 − 𝑒
−𝑘𝑠  
5.1 
where Γ0 denotes the Fresnel reflectivity of the soil surface at nadir, s is the rms height 
of roughness in cm, k (=2π/λ) is the wave number of radar signal with wavelength of λ 
in cm, εr denotes the dielectric constant of the soil surface as: 
Γ0 =  
1 −  𝜖𝑟
1 +  𝜖𝑟
 
2
 
5.2 
In addition, the co-polarised ratio p is found to be ≤ 1 for all angles and empirically de-
termined as: 
𝑝 =  1 −  
2𝜃
𝜋
 
 1/3Γ0 
𝑒−𝑘𝑠 
2
 
5.3 
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where θ is the incidence angle in radian. 
Both ratios p and q are sensitive to dielectric constant and rms height s, while the former 
effect is dominant. Furthermore, σ
0
HH, σ
0
VV and σ
0
HV are empirically expressed by Equa-
tions 5.4–5.6: 
𝜍𝐻𝐻
0 = 𝑓 𝑝𝑐𝑜𝑠3𝜃 Γ𝑣 𝜃 + Γ𝑕 𝜃   
5.4 
𝜍𝑉𝑉
0 =
𝑓𝑐𝑜𝑠3𝜃
 𝑝
 Γ𝑣 𝜃 + Γ𝑕 𝜃   
5.5 
𝜍𝑕𝑣
0 = 𝑞𝜍𝑣𝑣
0  
5.6 
where 
𝑓 = 0.7 1 − 𝑒−0.65(𝑘𝑠)
1.8
  
5.7 
By ignoring the imaginary part of dielectric constant ε''r, Γ0, ε'r and hence mv and ks can 
be easily inverted from above equations based on Hallikainen et al. (1985). 
Oh et al. (1994) extended the previous model by introducing phase difference statistics 
into surface parameter expressions and surface ACF. The soil moisture estimation is 
found to be improved by using polarimetric radar data from the same scatterometer as in 
Oh et al. (1992). Measured correlation function can be expressed as: 
𝑝 𝜉 =  1 − 𝜉2/(𝑎𝑙)2 𝑒−𝜉/𝑏𝑙  
5.8 
where a and b are constants depending on the ACF and l is the correlation length. Based 
on the behaviour of theoretical models – the SPM and the KA (Ulaby et al. 1986) – 
σ
0
VV can be expressed as: 
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𝜍𝑉𝑉
0 = 13.5𝑒−1.4 𝑘𝑠 
0.2 1
 𝑝
Γh ks 
2(𝑐𝑜𝑠𝜃)3.25−0.05𝑘𝑙𝑒−(2𝑘𝑠𝑐𝑜𝑠𝜃 )
0.6
𝑊𝑘  
5.9 
where Wk denotes the roughness spectrum corresponding to Equation 5.8 as: 
𝑊𝑘 =
(𝑘𝑙)2
1 + (2.6𝑘𝑙𝑠𝑖𝑛𝜃)2
 1 − 0.71
1 − 3(2.6𝑘𝑙𝑠𝑖𝑛𝜃)2
[1 +  2.6𝑘𝑙𝑠𝑖𝑛𝜃 2]2
  
5.10 
and Γh is expressed by: 
Γh =  
cosθ −  ϵr − sin2θ
cosθ +  ϵr − sin2θ
 
2
 
5.11 
The co-polarised ratio p and cross-polarised ratio q are adjusted as: 
𝑝 =  1 − (
2𝜃
𝜋
)
0.314
Γ0  
2
 
5.12 
𝑞 = 0.25 Γ0(0.1 + 𝑠𝑖𝑛
0.9𝜃) 1 − 𝑒−(1.4−1.6Γ0)𝑘𝑠  
5.13 
Oh et al. (1993) empirically determined the degree of correlation α as: 
𝛼 =  1 − 0.2(𝑠𝑖𝑛𝜃)𝐴 𝑘𝑠 ,Γ0  (𝑐𝑜𝑠𝜃)𝐵(𝑘𝑠 ,Γ0) 
5.14 
where  
𝐴 𝑘𝑠, Γ0 = (16.5Γ0 + 5.6)e
−41.6ksΓ0
2
 
5.15 
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and 
𝐵 𝑘𝑠, Γ0 = 8.1Γ0kse
−1.8ks  
5.16 
Therefore, surface soil moisture mv, rms height s and correlation length l can all be eas-
ily inverted from the above equations with known polarimetric data.  
Oh et al. (2002) incorporated airborne SAR data and improved the model for the degree 
of correlation α and the co-polarised phase difference δ as well as backscattering coeffi-
cients. This version of the model is able to invert volumetric soil moisture instead of the 
complex dielectric constant. The ensemble-averaged differential Mueller matrix for mi-
crowave backscattering model over bare field is introduced. It is found that the probabil-
ity density function (PDF) of the co-polarised phase angle (Øc = Øhh - Øvv) other than the 
cross-polarised phase angle (Øx = Øhv - Øvv = Øvh - Øvv according to the reciprocity rela-
tion), is sensitive to incidence angle, the radar wavelength, the soil moisture and surface 
roughness, while the PDF of Øc is characterised by the degree of correlation α and 
mean value of the co-polarised phase difference δ as (Sarabandi 1992): 
𝑓Φ 𝜙𝑐 =
1 − 𝛼2
2𝜋(1 − 𝑋2)
 1 +
𝑋
 1 − 𝑋2
 
𝜋
2
+ 𝑡𝑎𝑛−1(
𝑋
 1 − 𝑋2
)   
5.17 
where  
𝑋 = 𝛼cos⁡(𝜙𝑐 − 𝜁) 
5.18 
Empirically, σ
0
HV, p and q and are proposed as: 
𝜍𝐻𝑉
0 = 0.11𝑚𝑣
0.7𝑐𝑜𝑠2.2𝜃 1 − 𝑒−0.32(𝑘𝑠)
1.8
  
5.19 
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𝑝 = 1 − (
𝜃
90°
)0.35𝑚𝑣
−0.65
𝑒−0.4(𝑘𝑠)
1.4
 
5.20 
𝑞 = 0.1(
𝑠
𝑙
+ 𝑠𝑖𝑛1.3𝜃)1.2 1 − 𝑒−0.9(𝑘𝑠)
0.8
  
5.21 
Therefore, σ
0
VV and σ
0
HH are expressed as: 
𝜍𝑉𝑉
0 =
𝜍𝐻𝑉
0
𝑞
=
0.11𝑚𝑣
0.7𝑐𝑜𝑠2.2𝜃 1 − 𝑒−0.32(𝑘𝑠)
1.8
 
0.1(
𝑠
𝑙
+ 𝑠𝑖𝑛1.3𝜃)1.2 1 − 𝑒−0.9(𝑘𝑠)
0.8
 
 
5.22 
𝜍𝐻𝐻
0 = 𝑝𝜍𝐻𝐻
0 =
𝑝
𝑞
𝜍𝐻𝑉
0
=
1 − (
𝜃
90°)
0.35𝑚𝑣
−0.65
𝑒−0.4(𝑘𝑠)
1.4
0.1(
𝑠
𝑙
+ 𝑠𝑖𝑛1.3𝜃)1.2 1 − 𝑒−0.9(𝑘𝑠)
0.8
 
0.11𝑚𝑣
0.7𝑐𝑜𝑠2.2𝜃 1
− 𝑒−0.32(𝑘𝑠)
1.8  
5.23 
The degree of correlation α and the co-polarised phase difference δ are described as: 
𝛼 = 1 −  0.17 + 0.01𝑘𝑙 + 0.5𝑚𝑣 (𝑠𝑖𝑛𝜃)
1.1(𝑘𝑠)−0.4  
5.24 
𝜁 = (0.44 + 0.95𝑚𝑣 − 1.0
𝑠
𝑙
)𝜃 
5.25 
while the differential Mueller matrix is approximated as: 
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𝑀0 =
 
 
 
 
 
   𝑆𝑣𝑣
0  2   𝑆𝑕𝑣
0  
2
 
  𝑆𝑕𝑣
0  
2
   𝑆𝑕𝑕
0  
2
 
0                                          0
0                                          0
0           0
0           0
 𝑅𝑒(𝑆𝑣𝑣
0 𝑆𝑕𝑕
0∗) +   𝑆𝑕𝑣
0  
2
 − 𝐼𝑚(𝑆𝑣𝑣
0 𝑆𝑕𝑕
0∗) 
 𝐼𝑚(𝑆𝑣𝑣
0 𝑆𝑕𝑕
0∗)  𝑅𝑒(𝑆𝑣𝑣
0 𝑆𝑕𝑕
0∗) −   𝑆𝑕𝑣
0  
2
  
 
 
 
 
 
 
5.26       
and its elements can be described using α and δ as (Sarabandi et al. 1992; Ulaby et al. 
1992): 
 𝑅𝑒(𝑆𝑣𝑣
0 𝑆𝑕𝑕
0∗) = 𝛼𝑐𝑜𝑠𝜁 𝑀11
0 𝑀22
0  
5.27 
 𝐼𝑚(𝑆𝑣𝑣
0 𝑆𝑕𝑕
0∗) = −𝛼𝑐𝑜𝑠𝜁 𝑀11
0 𝑀22
0  
5.28 
Therefore, all elements can be described from backscattering coefficients and the two 
phase difference parameters α and δ as: 
𝑀11
0 =
1
4𝜋
𝜍𝑣𝑣
0  
5.29 
𝑀22
0 =
1
4𝜋
𝜍𝑕𝑕
0  
5.30 
𝑀12
0 = 𝑀21
0 =
1
4𝜋
𝜍𝑕𝑣
0  
5.31 
𝑀33
0 =
1
4𝜋
(𝛼𝑐𝑜𝑠𝜁 𝜍𝑣𝑣
0 𝜍𝑕𝑕
0 + 𝜍𝑕𝑣
0 ) 
5.32 
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𝑀44
0 =
1
4𝜋
(𝛼𝑐𝑜𝑠𝜁 𝜍𝑣𝑣
0 𝜍𝑕𝑕
0 − 𝜍𝑕𝑣
0 ) 
5.33 
𝑀43
0 = −𝑀34
0 =
1
4𝜋
𝛼𝑐𝑜𝑠𝜁 𝜍𝑣𝑣
0 𝜍𝑕𝑕
0  
5.34 
A comparison between the measured and estimated differential Mueller matrix found 
good agreement (Oh et al. 1992). Note that Equation 5.21 is in contrast with Equation 
5.13, where the cross-polarised ratio q is sensitive to the soil moisture. 
Due to the insensitivity to s/l, Oh (2004) ignored the correlation length l in a new ex-
pression of the cross-polarised ratio q that, 
𝑞 = 0.095(0.13 + 𝑠𝑖𝑛1.5𝜃)1.4(1 − 𝑒−1.3(𝑘𝑠)
0.9
) 
5.35 
It is also claimed that the co-polarised ratio p is not suitable for retrieving soil moisture 
readings on very rough or dry conditions due to its insensitivity in those conditions. 
5.1.1.2. Dubois model 
Dubois et al. (1995) introduced a semi-empirical model to reproduce backscattering 
coefficients σ
0
hh and σ
0
vv for bare soil surfaces. The model is developed based on a large 
dataset of scatterometer data (LCX POLARSCAT and RASAM systems (Tassoudji et 
al. 1989; Wegmuller et al. 1994)) and assessed on both airborne and space-borne SAR 
data (i.e. AIRSAR and SIR-C). The large selection of different instruments increased 
the probability of the model‘s applicability to different soil surfaces and instruments. 
The expressions are described as 
𝜍𝐻𝐻
0 = 10−2.75  
𝑐𝑜𝑠1.5𝜃
𝑠𝑖𝑛5𝜃
 100.028𝜀𝑡𝑎𝑛𝜃  𝑘𝑠𝑠𝑖𝑛𝜃 1.4𝜆0.7 
5.36 
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𝜍𝑉𝑉
0 = 10−2.35  
𝑐𝑜𝑠3𝜃
𝑠𝑖𝑛3𝜃
 100.046𝜀𝑡𝑎𝑛𝜃 (𝑘𝑠𝑠𝑖𝑛𝜃)1.1𝜆0.7 
5.37 
where ε is the real part of the dielectric constant. The model is recommended in condi-
tions where 1.5 GHz ≤ f ≤ 11 GHz, ks ≤ 2.5, θ ≥ 30° and mv ≤ 35 vol. %. This is due to 
several discrepancies being found between the Dubois model and theoretical models: 
the model predicts that the co-polarised ratio p increases with roughness which is in 
contrast to the SPM prediction, where roughness is not taken, accounted for by p. In 
addition, the model predicts that σ
0
HH will be larger than σ
0
VV when ks*sinθ is large, 
which is also in contrast with the geometric-optical model (GO) and the IEM and SAR 
observations.  
5.1.1.3 The semi-empirical model for ERS imagery 
Loew et al. (2006a) presented a semi-empirical surface soil moisture retrieval scheme 
for ENVISAT ASAR Wide Swath Mode imagery, which is adapted from an existing 
algorithm originally designed for the ERS imagery (Rombach and Mauser 1997). Due 
to the restriction of the original algorithm to the incidence angle of ERS data (approxi-
mately 23°), incidence angles from different image swathes are normalised to compen-
sate for variability in imaging geometry to reference geometry by a simple statistical 
approach, which calibrates existing images to reference geometry without roughness 
information, rather taking into account the impact of land use (biomass) and soil texture. 
For the statistical approach, backscattering coefficients based on a six-year database 
were derived according to different land uses and regressed with incidence angle vari-
ability (Loew et al. 2006a). A 5° step is chosen between incidence angle range 15° and 
45°, while backscattering coefficients of pixels with homogeneous land use type, are 
averaged, e.g. for bare soil and wheat. A linear relationship between σ
0
 and incidence 
angle θ is found as in the modified Equation 5.38. In addition, season effect, i.e. sum-
mer and winter, is treated separately.  
)*/()23*(/ 0023     
5.38 
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where 0  is the backscattering coefficient of specific land use type bare soil in this 
study at the incidence angle θ. α and β denote model regression coefficients, which are 
set to -62.3 and 3341.7 respectively for bare soil for the summer period. Note that the 
backscattering coefficient unit is linear in Equation 5.38. 
Furthermore, the shape of the relationship between the backscattering coefficient to di-
electric constant of the soil is very similar for various land cover types (Loew et al. 
2006a). Therefore, the real part of the dielectric constant εr is empirically related to land 
use specific backscattering coefficients at an incidence angle of 23° as: 
)()()( 2200 dBcdBbar    
5.39 
where a, b and c are empirical coefficients for specific land use based on extensive sta-
tistical analysis, which equals 34.20, 4.42 and 0.15 respectively for bare soil and σ
0
 as 
the normalised backscattering coefficient in dB. The coefficient of determination for 
this statistical model is high (R
2
=0.90) for bare soil fields in the published experiment. 
Since the empirical database is based on different surface roughness conditions, the re-
lationship between dielectric constant and backscattering coefficient is considered to 
represent the mean surface roughness of the bare soil surface over the two test sites in 
western and southern Germany (Loew et al. 2006a).
 
With additional in situ soil texture information, mv can be converted from the real part 
of the dielectric constant ε commonly through a polynomial expression (Hallikainen et 
al. 1985).
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5.1.2. The theoretical model(s) 
5.1.2.1. The Integral Equation Model (IEM) and the Advanced IEM (AIEM) 
 
 
The general geometry of the scattering is illustrated in Figure 5.1, where 𝐸 𝑖  and 𝐸 𝑠 are 
the incident and scattering field amplitudes respectively, 𝑘 𝑖  is the unit vector in the inci-
dence direction, 𝑛  is the unit normal vector at the surface point. 
Fung and Pan (1987) and Fung et al. (1992) developed a new scattering model for a 
perfectly conducting, randomly rough surface with a simple conceptual basis of integral 
equations for the tangential surface fields. Explicit functions of scattering coefficients 
are given for both high and low frequency. The IEM describes scattering terms for co-
polarisation with single scattering and multiple scattering (Equation 5.40), which are 
treated differently on different roughness conditions. When surface roughness is defined 
as slightly rough (ks < 3), the single scattering terms are derived from the SPM; when 
surface roughness is defined as rough (ks > 3) and surface slope is small, the single scat-
tering terms are derived from the standard Kirchhoff model; while if the surface slope is 
large, multiple scattering terms are considered. The cross-polarised backscattering coef-
ficient contains only multiple scattering terms. 
𝜍𝑞𝑝
0 = 𝜍𝑞𝑝
𝑆 + 𝜍𝑞𝑝
𝑀  
5.40 
𝑛  
𝑘 𝑖  
 
 
𝐸 𝑖  
Z 
𝜃 𝜃𝑠 
𝐸 𝑠 
𝜙𝑠 
X 
Figure 5.1 Geometry of the scattering problem. 
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where q, p denote the received and transmitted polarisations respectively; S and M de-
note single and multiple backscattering respectively. 
The final backscattering coefficient of both co-polarisations over bare soil surfaces is 
expressed as: 
𝜍𝑝𝑝
0 =
𝑘2
2
 𝑓𝑝𝑝  
2
𝑒−4𝑠
2𝑘2𝑐𝑜𝑠 2𝜃  
 4𝑠2𝑘2𝑐𝑜𝑠2𝜃 2
𝑛!
𝑊 𝑛  2𝑘𝑠𝑖𝑛𝜃, 0 
+∞
𝑛=1
+
𝑘2
2
𝑅𝑒(𝑓𝑝𝑝
∗ 𝐹𝑝𝑝 )𝑒
−3𝑠2𝑘2𝑐𝑜𝑠 2𝜃  
 4𝑠2𝑘2𝑐𝑜𝑠2𝜃 2
𝑛!
𝑊 𝑛  2𝑘𝑠𝑖𝑛𝜃, 0 
+∞
𝑛=1
+
𝑘2
8
 𝐹𝑝𝑝  
2
𝑒−2𝑠
2𝑘2𝑐𝑜𝑠 2𝜃  
 𝑠2𝑘2𝑐𝑜𝑠2𝜃 2
𝑛!
𝑊 𝑛  2𝑘𝑠𝑖𝑛𝜃, 0 
+∞
𝑛=1
 
5.41 
where p = H or V and W
(n)
 is the two-dimensional Fourier transform of the roughness 
spectrum of the surface related to the n-th power of the surface correlation function ρ(x, 
y) as: 
𝑊 𝑛  𝑘, 𝜑 =   𝜌𝑛(𝑥, 𝑦)𝑒−𝑗𝑘𝑟𝑐𝑜 𝑠(𝜑−𝑦)
∞
0
𝑥𝑑𝑥𝑑𝑦
2𝜋
0
 
5.42 
fpp is a dimensionless function of the incidence angle and the Fresnel reflection coeffi-
cient as 
𝑓𝑕𝑕 = −2𝑅⊥/𝑐𝑜𝑠𝜃 
5.43 
𝑓𝑣𝑣 = 2𝑅∥/𝑐𝑜𝑠𝜃 
5.44 
where 𝑅⊥ and 𝑅∥ are the Fresnel reflection coefficients. 
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Fpp is a dimensionless function of the incidence angle, the Fresnel reflection coefficient, 
the relative permittivity μr and the relative dielectric constant εr as:  
𝐹𝑕𝑕  𝑢, 𝑣 = −   1 + 𝑅⊥ 
1
𝑞
−  1 − 𝑅⊥ 
𝜇𝑟
𝑞𝑡
  1 − 𝑅⊥ 𝐶4
−   1 + 𝑅⊥ 
1
𝑞
−  1 − 𝑅⊥ 
1
𝑞𝑡
  1 + 𝑅⊥ 𝐶5
−   1 + 𝑅⊥ 
1
𝑞
−  1 − 𝑅⊥ 
1
𝜀𝑟𝑞𝑡
  1 − 𝑅⊥ 𝐶6
+   1 − 𝑅⊥ 
1
𝑞
−  1 + 𝑅⊥ 
𝜀𝑟
𝑞𝑡
  1 + 𝑅⊥ 𝐶1
−   1 − 𝑅⊥ 
1
𝑞
−  1 + 𝑅⊥ 
1
𝑞𝑡
  1 − 𝑅⊥ 𝐶2
−   1 − 𝑅⊥ 
1
𝑞
−  1 + 𝑅⊥ 
1
𝜇𝑟𝑞𝑡
 (1 + 𝑅⊥)𝐶3 
5.45 
𝐹𝑣𝑣 𝑢, 𝑣 = −   1 − 𝑅∥ 
1
𝑞
−  1 + 𝑅⊥ 
𝜇𝑟
𝑞𝑡
  1 + 𝑅∥ 𝐶1
+   1 − 𝑅∥ 
1
𝑞
−  1 + 𝑅∥ 
1
𝑞𝑡
  1 − 𝑅∥ 𝐶2
+   1 − 𝑅∥ 
1
𝑞
−  1 + 𝑅∥ 
1
𝜀𝑟𝑞𝑡
  1 + 𝑅∥ 𝐶3
+   1 + 𝑅∥ 
1
𝑞
−  1 − 𝑅∥ 
𝜀𝑟
𝑞𝑡
  1 − 𝑅∥ 𝐶4
+   1 + 𝑅∥ 
1
𝑞
−  1 − 𝑅∥ 
1
𝑞𝑡
  1 + 𝑅∥ 𝐶5
+   1 + 𝑅∥ 
1
𝑞
−  1 − 𝑅∥ 
1
𝜇𝑟𝑞𝑡
 (1 − 𝑅∥)𝐶6 
5.46 
where q = (k
2
-u
2
-v
2
)
1/2
, qt = (kt
2
-u
2
-v
2
)
1/2
 and the subscript t denotes the transmitted 
quantities in the lower medium (Figure 5.1). Coefficients C1–C6 are the results of the 
triple cross products and dot products. Their general forms and specific forms for u = 
ksinθ and v =0 are given as: 
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𝐶1 𝑢, 𝑣 = 𝑕 𝑠 ⋅ 𝑛 × 𝑛′ × 𝑕 = −𝑘  1 +
𝑘𝑥 − 𝑢
𝑘𝑧2
(𝑘𝑥 + 𝑢)  
5.47 
𝐶1 𝑘𝑥 , 0 = −𝑘 
5.48 
𝐶2 𝑢, 𝑣 = 𝑕 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑣  × 𝑔 =
1
𝑘
  𝑢 − 𝑘𝑥 𝑢 − 𝑣
2  
5.49 
𝐶2 𝑘𝑥 , 0 = 0 
5.50 
𝐶3 𝑢, 𝑣 = 𝑕 𝑠 ⋅ 𝑛 ×  𝑛′ ⋅ 𝑣  × 𝑔 = −
𝑢2
𝑘
 
5.51 
𝐶3 𝑘𝑥 , 0 = −𝑘𝑠𝑖𝑛
2𝜃 
5.52 
𝐶4 𝑢, 𝑣 = −𝑘   𝑐𝑜𝑠
2𝜃 −
𝑣2
𝑘2
 + 𝑐𝑜𝑠𝜃𝑠𝑖𝑛𝜃
𝑘𝑥 + 𝑢
𝑘𝑧
  
5.53 
𝐶4 𝑘𝑥 , 0 = −𝑘(1 + 𝑠𝑖𝑛
2𝜃) 
5.54 
𝐶5 𝑢, 𝑣 = 𝑣 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑕  × 𝑔 
=
1
𝑘
  𝑘𝑥 + 𝑢 𝑢 − 𝑣
2 −
𝑠𝑖𝑛𝜃
𝑘𝑧2
  𝑢 − 𝑘𝑥 𝑢 + 𝑣
2 (𝑘𝑧 + 𝑢) 
5.55 
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𝐶5 𝑘𝑥 , 0 = 2𝑘𝑠𝑖𝑛
2𝜃 
5.56 
𝐶6 𝑢, 𝑣 = 𝑣 𝑠 ⋅ 𝑛 ×  𝑛′ ⋅ 𝑕  × 𝑔 =
𝑣2
𝑘𝑐𝑜𝑠2𝜃
 
5.57 
𝐶6 𝑘𝑥 , 0 = 0 
5.58 
The cross-polarised field coefficients are given as: 
𝐹𝑕𝑣 𝑢, 𝑣 =   1 − 𝑅 
1
𝑞
−  1 + 𝑅 
𝜇𝑟
𝑞𝑡
  1 + 𝑅 𝐵1
−   1 − 𝑅 
1
𝑞
−  1 + 𝑅 
1
𝑞𝑡
  1 − 𝑅 𝐵2
−   1 − 𝑅 
1
𝑞
−  1 + 𝑅 
1
𝜀𝑟𝑞𝑡
  1 + 𝑅 𝐵3
+   1 + 𝑅 
1
𝑞
−  1 − 𝑅 
𝜀𝑟
𝑞𝑡
  1 − 𝑅 𝐵4
+   1 + 𝑅 
1
𝑞
−  1 − 𝑅 
1
𝑞𝑡
  1 + 𝑅 𝐵5
+   1 + 𝑅 
1
𝑞
−  1 − 𝑅 
1
𝜇𝑟𝑞𝑡
  1 − 𝑅 𝐵6 
5.59 
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𝐹𝑣𝑕 𝑢, 𝑣 =   1 − 𝑅 
1
𝑞
−  1 + 𝑅 
𝜇𝑟
𝑞𝑡
  1 + 𝑅 𝐵4
+   1 − 𝑅 
1
𝑞
−  1 + 𝑅 
1
𝑞𝑡
  1 − 𝑅 𝐵5
+   1 − 𝑅 
1
𝑞
−  1 + 𝑅 
1
𝜀𝑟𝑞𝑡
  1 + 𝑅 𝐵6
+   1 + 𝑅 
1
𝑞
−  1 − 𝑅 
𝜀𝑟
𝑞𝑡
  1 − 𝑅 𝐵1
−   1 + 𝑅 
1
𝑞
−  1 − 𝑅 
1
𝑞𝑡
  1 + 𝑅 𝐵2
−   1 + 𝑅 
1
𝑞
−  1 − 𝑅 
1
𝜇𝑟𝑞𝑡
  1 − 𝑅 𝐵3 
5.60 
where coefficients B1–B6 are given as: 
𝐵1 𝑢, 𝑣 = 𝑣 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑕  = −(𝑢𝑣)/(𝑘𝑐𝑜𝑠𝜃) 
5.61 
𝐵2 𝑢, 𝑣 = 𝑣 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑣  × 𝑔 = −(2𝑢𝑣)/(𝑘𝑐𝑜𝑠𝜃) 
5.62 
𝐵3 𝑢, 𝑣 = 𝑣 𝑠 ⋅ 𝑛 ×  𝑛′ ⋅ 𝑣  𝑔 = (𝑢𝑣)/(𝑘𝑐𝑜𝑠𝜃) 
5.63 
𝐵4 𝑢, 𝑣 = 𝑕 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑣  = −(𝑢𝑣)/(𝑘𝑐𝑜𝑠𝜃) 
5.64 
𝐵5 𝑢, 𝑣 = 𝑕 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑕  × 𝑔 = (2𝑢𝑣)/(𝑘𝑐𝑜𝑠𝜃) 
5.65 
𝐵6 𝑢, 𝑣 = 𝑕 𝑠 ⋅ 𝑛 ×  𝑛′ × 𝑕  𝑔 = −(𝑢𝑣)/(𝑘𝑐𝑜𝑠𝜃) 
5.66 
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pp denotes the co-polarisation (= HH or VV), Re is the real part of the complex number, 
and f
*
pp is the conjugate of the complex number fpp. 
Wu and Chen (2004) and Wu et al. (2008) extended the IEM by 1) retaining all the 
phase terms in the spectral representation of the Green‘s function and 2) replacing the 
Fresnel reflection coefficients by a transition function including surface roughness and 
permittivity. Since the surface roughness information is the most problematic, i.e. rms 
height s and correlation length l, they have to be treated carefully. Brogioni et al. (2010) 
assessed the AIEM validity for RMS height and correlation length and slightly extended 
it from the IEM validity from Marcelloni et al. (2000). They found that the valid RMS 
height increases from ~0.77–11.1 cm with the correlation length, which validates 
through ~0.11–110 cm for C-band signal for the AIEM. 
5.1.2.2 The Baghdadi empirical correlation length 
Baghdadi et al. (2006a) proposed to replace l by a fitting parameter ―lopt‖ through the 
IEM, which depends on a given radar wavelength f, incidence angle θ, rms height s and 
polarisation. The Gaussian function is adopted for correlation function. The function for 
the empirical correlation lengths with C-band signal are described as in Equations 5.67 
and 5.68: 
shhslopt
494.1)23.1(sin006.3162.0),,(    
5.67 
svvslopt
59.1)19.0(sin134.0281.1),,(    
5.68 
Good results are reported (Baghdadi et al. 2007; Baghdadi et al. 2011a; Baghdadi et 
al. 2011b). 
5.1.2.3. The Rahman approach 
Rahman et al. (2008) introduced a novel approach to solving the IEM for both surface 
soil moisture and surface roughness by using only multi-angle radar images and IEM 
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simulation, with no ancillary data. In other words, the model is calibrated by using the 
theoretical model only, without any in situ measurements or SAR imagery. The ap-
proach is adopted in this study using the AIEM instead.  
The approach requires at least three radar images for coefficient derivation: two radar 
images with different incidence angles but identical surface geophysical conditions and 
a third radar image with the same satellite configuration as one of the previous two im-
ages and with extremely dry soil surface conditions (e.g. mv ≤ 3 vol. %). Basically, this 
approach uses three functions for 1) rms height s, correlation length l and backscattering 
coefficient difference Δσ
0
, on the same surface moisture condition and with the same 
satellite configuration; 2) rms height s, correlation length l and backscattering coeffi-
cient in an extremely dry condition σ
0
dry and 3) rms height s, correlation length l, back-
scattering coefficient σ
0
 and volumetric surface soil moisture mv.  
Backscatter is simulated by the AIEM for the whole valid range of surface roughness 
parameters, i.e. 0.1 cm ≤ s ≤ 3 cm and 1 cm ≤ l ≤15 cm. In accordance with the chosen 
radar image configuration, backscatter simulations are selected for polynomial fitting 
processes. Coefficients are retrieved after the regressions for each of the three functions 
and rms height s, correlation length l and surface soil moisture mv are solved as de-
scribed in the following steps, while coefficients are derived from Rahman et al. (2008): 
Step 1: Δσ
0 
is defined as the backscattering coefficient difference
 
from different inci-
dence angles but over the surface with similar geophysical conditions. Zribi and 
Dechambre (2003) empirically co-related the backscattering difference Δσ
0
 with (ks)
2
/kl, 
namely the Z-index. Two SAR images, which satisfy the condition, are selected. Based 
on the corresponding SAR configuration, backscatter is simulated using the IEM on 
combinations of all roughness and soil moisture conditions. Hence, the Δσ
0 
are calcu-
lated for different roughness (as stated in the previous paragraph) and surface soil mois-
ture conditions (1 vol. % ≤ mv ≤ 30 vol. %). All combinations of backscattering coeffi-
cient difference Δσ
0
, rms height s and correlation length l are used for a polynomial fit-
ting regression as in Equation 5.69. The Z-index is found to be better represented by 
 (𝑘𝑠)2.5/𝑘𝑙 (Rahman et al. 2008) and the expression is given as 
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𝑍 = 𝑔 ∆𝜍0 = (0.618 + 0.09∆𝜍0)/(1 − 0.138∆𝜍0) 
5.69 
where g is the function name and R
2
=0.998 and RMSE=0.02 (Rahman et al. 2008). 
Step 2: Rahman et al. (2007) complemented by Zribi et al. (2007) with a possibility to 
derive rms height s and correlation length l from σ
0
dry, the backscattering coefficient in 
the extremely dry condition, i.e. mv ≤ 3 vol. %. The relationship is described in Equation 
5.70. One radar scene in extreme dry condition is used to provide the σ
0
dry. Backscatter 
is simulated by the IEM using the following parameterisations: surface soil moisture mv 
is set as 3 vol. %; the incidence angle is set to the same incidence angle as one of the 
two scenes used in step 1; the whole valid range of surface roughness conditions is used. 
All combinations of rms height s, correlation length l and σ
0
dry are selected for a poly-
nomial fitting regression. This relationship is described as 
𝜍𝑑𝑟𝑦
0 = 𝑕 𝑘𝑠𝑘𝑙 
= −27.94 + 32.58𝑘𝑠 − 1.4𝑘𝑙 − 18.78(𝑘𝑠)2 + 0.05(𝑘𝑙)2
+ 0.86𝑘𝑠𝑘𝑙 + 2.65(𝑘𝑠)3 + 0.12(𝑘𝑠)2𝑘𝑙 − 0.04𝑘𝑠(𝑘𝑙)2 
5.70 
where h is the function name and R
2 
= 0.987 and RMSE = 0.65 (Rahman et al. 2008). 
Step 3: Based on the general term in the IEM as described in the model description sec-
tion, 
𝜍𝑝𝑞
0 = 𝑓(𝑘𝑠, 𝑘𝑙, 𝑆𝑆𝑀, 𝜃) 
5.71 
where p and q denote the transmitting and receiving polarisations respectively, i.e. HH, 
HV, VH or VV. After substituting Equations 5.69 and 5.70 for Equation 5.72, an ex-
pression is obtained between the retrieved backscattering coefficient σ
0
pq from the SAR 
image, backscattering coefficient difference Δσ
0
 as described in step 1, backscattering 
coefficient in the extreme dry condition σ
0
dry, the surface soil moisture mv and local in-
cidence angle θ: 
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𝜍𝑝𝑞
0 = ω ∆𝜍0, 𝜍𝑑𝑟𝑦
0 , 𝑚𝑉 , 𝜃 = φ(𝑘𝑠, 𝑘𝑙, 𝑚𝑉 , 𝜃) 
5.72 
Therefore, the mv can be solved by 
𝑚𝑉 =  φ
−1 𝑘𝑠, 𝑘𝑙, 𝜍0, 𝜃  
5.73 
The function φ
-1
 is presumed to be polynomial. The simulated IEM backscattering coef-
ficients are used for polynomial fitting regression, for all valid roughness conditions, 
possible surface soil moisture values, i.e. 1 ≤ mv ≤ 30 vol. % and possible incidence 
angles, i.e. 10 ≤ θ ≤ 45°. This expression is given by Equation (5.74): 
𝑙𝑛 𝑚𝑣 
= 0.353 + 1.384 ln −𝜍0 − 0.913 ln −𝜍0  2 − 1.735 ln 𝑙 
+ 0.947 ln 𝑘𝑙  2 + 0.013 ln 𝑘𝑙  3 − 0.017 ln 𝑘𝑙  4
− 1.791 ln 𝑘𝑠 + 5.475 ln 𝑘𝑠  2 + 0.743 ln 𝑘𝑠  3
+ 0.087 ln 𝑘𝑠  4 − 1.95 ln 𝑘𝑠 ln 𝑘𝑙 − 1.0 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.187 ln(𝑘𝑠) 3 ln 𝑘𝑙 + 0.006  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.048 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.055  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 1.291 ln −𝜍0 ln ks + 0.07 ln −𝜍0 ln kl 
− 0.084 ln −𝜍0  ln kl  2 − 0.688 ln −𝜍0  ln ks  2 
5.74 
where R
2
=0.996 and RMSE=0.04.  
5.2. Data Verification 
Baghdadi et al. (2006b) introduced a set of empirical linear relationships between back-
scattering coefficients and volumetric surface soil moisture for different polarisations 
and incidence angle ranges. The line represents a medium surface roughness condition 
from a large database and separates the space into two zones in terms of roughness con-
dition – rougher and smoother zones. In theory, sample points below the line are in the 
smoother zone and those above the line are in the rougher zone. The distance between 
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each sample point and the corresponding line indicates the roughness scale, i.e. longer 
distance indicates a rougher or smoother condition depending on which zone the point is 
located in.  
In this study, surface soil moisture values at both 1–4 cm and 5–8 cm depths are taken 
into account initially. Figure 5.2 shows the plotted backscattering coefficients, surface 
soil moisture values and the linear relationship corresponding to polarisations and inci-
dence angle ranges. Each dot represents a sample corresponding to one field and one 
SAR acquisition. Field average values (of e.g. backscattering coefficients, soil moisture 
etc.) are taken as samples. The equations in Figure 5.2(a) and (c) are noted from Bagh-
dadi (2011) and the equation in Figure 5.2(b) is published in Baghdadi et al. (2006b). 
Figure 5.2(a) takes a total of 15 samples with local incidence angle range of 24–27° 
from HH polarisation and shows that the backscattering coefficients fit better with soil 
moisture at 5–8 cm than at 1–4 cm especially for those extremely dry conditions. The 
plot was extended by adding 4 samples of backscattering coefficients with local inci-
dence angles between 28–29° from HH polarisation, which also fit well with the linear 
relationship. Figure 5.2(b) plots a total of 32 samples of the backscattering coefficients 
with local incidence angles between 20–23° from HH polarisation with in situ soil mois-
ture measurements. Almost all samples fall into the ―rougher zone‖. Again, samples 
from the driest conditions from 1–4 cm depth show significant bias against the line with 
―overestimation‖ of backscattering coefficients. The plot was extended with an addi-
tional 14 samples, of which backscattering coefficients from HH polarisation are with 
local incidence angles between 14–19°. Figure 5.2(c) plots a total of 31 samples of the 
backscattering coefficients with local incidence angles between 22–25° from VV polari-
sation and in situ soil moisture measurements. The plot was extended by implementing 
a further 36 samples of backscattering coefficients with local incidence angles between 
18–21° and 26–29° from VV polarisation. Samples are distributed above and below the 
line in balance. Samples from the driest conditions show a slight ―overestimation‖ of 
backscattering coefficients at both 1–4 cm and 5–8 cm depths. 
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(c) 
Figure 5.2 Backscattering coefficients against surface soil moisture at 1–4 cm and 5–8 cm depths com-
pared with empirical linear relationship derived from Baghdadi et al. (2006b) with (a) and (b) 
for HH polarisation and (c) for VV polarisation. 
Although not all samples can be verified due to the limited empirical relationships for 
different incidence angle ranges, the above analysis proves that backscattering coeffi-
cients from both co-polarisations and listed local incidence angles agree with empirical 
relationships well and better than the samples with soil moisture values at 1–4 cm depth, 
especially for the low soil moisture region, where backscattering coefficients tend to be 
higher than the theoretical estimations, especially from HH polarisation. These empiri-
cal linear relationships are also potentially valid for wider ranges of incidence angle. 
Overall, both co-polarised backscattering coefficients and soil moisture are verified and 
they will be used for further studies and the soil moisture values at 5–8 cm depth fit 
better than those at 1–4 cm depth. 
It is found that the in-field variability can be a major error source for backscattering 
simulation by all models/approaches and hence soil moisture and roughness estimation 
retrieval. Figure 5.3 plots the mean of standard deviation of backscattering coefficients 
over each field on a pixel basis for each SAR acquisition. The average of those mean 
standard deviations is 1.03dB for combined HH and VV polarisations. According to the 
linear relationships in Figure 5.2, the amount of bias could potentially introduce an un-
certainty between 5.7 and 7.5 vol. % to soil moisture estimation depending on the inci-
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dence angles. Figure 5.4 illustrates that the in-field variability is independent of local 
incidence angle. 
 
Figure 5.3 In-field backscattering coefficient variability from HH and VV polarisations for each study 
field on a pixel basis – each dot represents the standard deviation of backscattering coeffi-
cients from all pixels on each study field for one satellite pass. 
 
Figure 5.4 In-field variability of backscattering coefficients for both HH and VV polarisations on a pixel 
basis and local incidence angles. 
5.3. Model Evaluation 
In this section, all the models are evaluated through comparisons between derived and 
simulated backscattering coefficients both from SAR and from modelling. In situ meas-
urements of both soil moisture and surface roughness are used for parameterisation. 
0
1
2
3
4
0 1 2 3 4
St
d
. D
ev
. v
v 
(d
B
)
Std. Dev. hh (dB)
n=70
Mean=1.03dB
0
10
20
30
40
50
0.0 0.5 1.0 1.5 2.0 2.5 3.0
Lo
ca
l i
n
ci
d
en
ce
 a
n
gl
e 
(°
)
Standard deviation (dB)
HH VV
Soil Moisture Retrieval Model – Evaluation and Assessment 
 
- 97 - 
 
5.3.1. Oh model 
Both the 2002 and the 2004 versions of the Oh model are selected for evaluation. While 
no cross-polarisation signals are available from ASAR images in this study, modelled 
σ
0
HV and q are only compared with corresponding values calculated from Radarsat-2 
images. Obviously, the only difference from both versions is in the cross-polarisation 
ratio q and backscattering coefficient from VV polarisation σ
0
VV, where ks/kl is substi-
tuted with a coefficient in the 2004 version. Table 5.1 and Table 5.2 list the RMSE and 
the bias of modelled parameters, respectively. The 2004 version simulated slightly 
smaller RMSE for q, σ
0
HH and σ
0
VV as of 4.15dB, 3.68dB and 3.57dB compared to 
4.86dB, 4.44dB and 4.31dB correspondingly from the 2002 version of the model. Simi-
larly, the 2004 version also yields smaller bias for the three parameters as of 3.58dB, 
3.18dB and 3.06dB compared to 4.39dB, 4.05dB and 3.93dB according to the 2002 ver-
sion of the model. 1.03dB and 3.08dB RMSE are found for the co-polarised ratio p and 
σ
0
HV respectively, while their bias is 0.12dB and 0.06dB respectively. Note that averages 
of 4.06dB and 3.94dB overestimation are found from both co-polarisations by using the 
2002 and the 2004 version models respectively. Therefore, corresponding backscat-
tering coefficient corrections are needed in surface soil moisture retrieval to compensate 
for the model‘s intrinsic effect.  
Table 5.1 RMSE of the co-polarised ratio p, the cross-polarised ratio q and the backscattering coeffi-
cients from HH, VV and HV polarisations by using both 2002 and 2004 versions of the Oh model. 
Model version p (dB) q (dB) σ
0
HH (dB) σ
0
VV(dB) σ
0
HV (dB) 
2002  1.03 4.86 4.44 4.31 3.08 
2004 4.15 3.68 3.57 
 
Table 5.2 Bias of the co-polarised ratio p, the cross-polarised ratio q and the backscattering coeffi-
cients from HH, VV and HV polarisations by using both 2002 and 2004 versions of the Oh model. 
Model version p (dB) q (dB) σ
0
HH (dB) σ
0
VV (dB) σ
0
HV (dB) 
2002  0.12 4.39 4.05 3.93 0.06 
2004 3.58 3.18 3.06 
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                                                                                      (d) 
 
            (e) 
Figure 5.5 Backscattering coefficients σ
0
HH, σ
0
VV and σ
0
HV from SAR and estimations from Oh model 
2002 and 2004 versions by using in situ field measurements. 
Figure 5.5 plots backscattering coefficients σ
0
HH, σ
0
VV and σ
0
HV from SAR and estima-
tions from Oh model 2002 and 2004 versions by using in situ field measurements. A 
total of 70 samples are plotted for co-polarisation derived from both ASAR and Radar-
sat-2 imagery and 33 samples are plotted for cross-polarisation from Radarsat-2 im-
agery only. Figure 5.6 plots comparisons between derived co- and cross-polarised ratios 
p and q and those values estimated from Oh model 2002 and 2004 versions by using in 
situ measurements. For a total of 70 samples, the RMSE of the ratio p reaches slightly 
over 1dB although the bias is as small as 0.12dB, the same for both versions. The 
RMSE and the bias of the ratio q decrease from 4.86dB and 4.39dB to 4.15dB and 
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3.58dB respectively from the 2002 version to the 2004 version Oh model for a total of 
33 samples from Radarsat-2 imagery. 
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                                                                                         (b)       
-4
-3
-2
-1
0
1
2
-4 -3 -2 -1 0 1 2
Es
ti
m
at
ed
 p
 f
ro
m
 O
h
 m
o
d
el
 (
d
B
)
p from SAR (dB)
n=70
Bias=0.12dB
RMSE=1.03dB
-15
-10
-5
-15 -10 -5
Es
ti
m
at
ed
 q
 f
ro
m
 O
h
 2
0
0
2
 m
o
d
el
 (
d
B
)
q from SAR (dB)
n=33
Bias=4.39dB
RMSE=4.86dB
Soil Moisture Retrieval Model – Evaluation and Assessment 
 
- 101 - 
 
 
                                                                                         (c) 
Figure 5.6 Derived co-polarised ratio p and co-polarised ratio q from SAR imagery compared with es-
timated values from Oh 2002 (b) and 2004 (c) models by using in situ measurements. 
5.3.2. Dubois model 
As mentioned in the model description section, the best performance of the Dubois 
model requires the following conditions: 1.5 GHz ≤ f ≤ 11 GHz, ks ≤ 2.5, θ ≥ 30° and 
mv ≤ 35 vol. %. For application purposes, the conditions can be met in most cases, espe-
cially for longer wavelength SAR, such as L-band data. However, only 2 out of 37 im-
ages are acquired with incidence angles larger than 30° in our image database. In addi-
tion, a few measurements show that the ks is larger than 2.5. Therefore, model condi-
tions cannot be perfectly fulfilled in this study. Nevertheless, all Radarsat-2 and ASAR 
images are used for evaluation of co-polarisation backscattering based on the Dubois 
model. As found in data verification, surface soil moisture at 5–8 cm depth is used for 
the model evaluation. Table 5.8 at the end of this section shows systematic 
overestimations of about 6.98dB and 2.37dB from HH and VV polarisations 
respectively from a total of 70 samples. VV polarisation yields much smaller RMSE 
and bias of 2.95dB and 2.25dB compared with 7.12dB and 6.59dB respectively, from 
HH polarisation. Therefore, correponding backscattering coefficient corrections are 
needed for surface soil moisture retrieval in later studies, similar to with the Oh model. 
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Figure 5.7 Measured and estimated σ
0
hh and σ
0
vv from the Dubois model. 
5.3.3. The semi-empirical model for ERS imagery evaluation 
Figure 5.8 illustrates the comparison between backscattering coefficients σ
0
HH and σ
0
VV 
derived from SAR imagery and estimated by using the original coefficients in the semi-
empirical model for ERS imagery. In situ surface soil moisture at both 1–4 cm and 5–8 
cm depths are used and are shown separately in Figure 5.8(a) and Figure 5.8(b) respec-
tively. A total of 70 samples are plotted as for all other models. In agreement with the 
previous data verification, surface soil moisture measured at 5–8 cm depth yields 
smaller RMSE and especially smaller bias from backscattering coefficients from both 
HH and VV polarisations. In comparison, the RMSE and the bias for σ
0
HH decrease 
from 2.20dB and 1.39dB to 1.47dB and 0.13dB respectively and from 2.34dB and 
1.68dB to 1.39dB and 0.16dB correspondingly for σ
0
VV. 
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(a) 
 
(b) 
Figure 5.8 Comparison of SAR co-polarised backscattering coefficients from both ASAR and Radarsat-2 
imagery and simulated backscattering coefficients by using the semi-empirical model for 
ESA imagery and in situ surface soil moisture measurements at 1–4 cm depth (a) and at 5–8 
cm depth (b). 
5.3.4. AIEM evaluation 
As described in the model description part, to simulate backscattering coefficients, the 
following inputs are needed: the correlation length l, the rms height s, the real part of 
the dielectric constant εr, the imaginary part of the dielectric constant εi, correlation 
function, polarisation pq and incidence angle θ. Among these, the polarisation and inci-
dence angle are directly derived by processed SAR imagery; real and imaginary parts of 
the dielectric constant are calculated from in situ soil moisture measurements by the 
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empirical model (Hallikainen et al. 1985) given the known soil texture status. There-
fore, different treatments of surface roughness will lead to different backscattering coef-
ficient simulations. In this study, two approaches are deployed for model evaluation, 1) 
to use in situ roughness measurements and 2) to couple the in situ rms height s and the 
empirical correlation length lopt instead of the measured correlation length (Baghdadi et 
al. 2006a), as the correlation length is the most problematic surface roughness parame-
ter. 
Figure 5.9 demonstrates backscattering coefficients derived from SAR imagery and 
estimations from the AIEM simulation for both co-polarisations. Both exponential and 
Gaussian ACFs are used for the AIEM coupled with measured s and l. Samples are 
marked according to different ranges of incidence angle, i.e. 14–19°, 20–23°, 24–27°, 
28–30° and 41–42°. Figure 5.9(a) and (b) are derived from in situ soil moisture and 
roughness measurements with exponential ACF, Figure 5.9(c) and (d) are derived from 
in situ soil moisture and roughness measurements with Gaussian ACF, while Figure 
5.9(e) and (f) are plotted from the empirical correlation length instead of the measured 
correlation length (Baghdadi et al. 2006a). The estimations with in situ measurements 
and exponential ACF show overestimation of about 2.71dB and 2.38dB from HH and 
VV polarisations respectively and RMSE of about 3.29dB and 3.00dB from HH and VV 
polarisations. The estimations with in situ measurements and Gaussian ACF show sig-
nificant bias and RMSE of over 14dB and 27dB respectively from HH and VV polarisa-
tions. Therefore, a matter of about 2.5dB of backscattering correction is employed in 
surface soil moisture retrieval when using the AIEM and in situ roughness data, to com-
pensate for the systematic overestimation. Gaussian ACF is omitted due to large bias 
and error. The estimations with in situ s and empirical lopt yield better fitting results with 
bias less than 1dB and RMSE less than 2dB from both co-polarisations.  
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Figure 5.9 Estimated σ
0
HH and σ
0
VV derived from SAR and from the AIEM parameterised by in situ soil 
moisture mv, s and l ((a) and (b): exponential correlation function; (c) and (d): Gaussian 
correlation function) and by in situ soil moisture mv, s and lopt ((e) and (f)) in terms of the 
local incidence angle. 
Based on the methodology of Rahman‘s approach, no backscattering simulation can be 
made.  
5.4. Model Assessment 
5.4.1. Oh model 
For experimental purposes, in situ rms height measurement is used, while several ap-
proaches can be adopted for surface soil moisture retrieval by the Oh model based on 
the model description, such as 1) derived from p, ks and θ through Equation 5.19; 2) 
derived from σ0HV, ks and θ through Equation 5.21; and 3) substituting Equation 5.21 
for Equations 5.20 or 5.75 and Equation 5.16 and derived mv from σ
0
VV, ks and θ 
through Equation 5.16. In the following, the expression of q from the 2004 version 
model is used. 
0.11𝑚𝑣
0.7𝑐𝑜𝑠2.2𝜃 1 − 𝑒−0.32 𝑘𝑠 
1.8
 
𝜍𝑣𝑣
0 = 0.095(0.13 + 𝑠𝑖𝑛1.5𝜃)
1.4(1 − 𝑒−1.3(𝑘𝑠)
0.9
) 
5.75 
All these three approaches are adopted in this study, noting that a 3.1dB backscattering 
coefficient correction is taken based on the model evaluation findings for HH and VV 
polarisations (Figure 5.5). It is found that due to the large RMSE of estimation of the 
co-polarised ratio p (Figure 5.6), the first approach is unable to derive soil moisture for 
all samples. Results from the other two approaches are shown in Figure 5.10 and Figure 
5.11. 
Figure 5.10 compares the in situ surface soil moisture measurements (at 1–4 cm and 5–8 
cm depth respectively) and estimated values from σ
0
VV, local incidence angle θ and ef-
fective rms height ks with the second approach using the Oh model. The figure shows a 
total of 70 samples for each set of comparison. The comparison of in situ soil moisture 
5–8 cm depth shows a slightly better agreement with model estimation of 8.64 vol. % 
and 2.03 vol. % for RMSE and bias compared to 9.16 vol. % and 3.78 vol. % for their 
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counterparts of 1–4 cm depth‘ measurements. Figure 5.11 shows a poor result compar-
ing the in situ surface soil moisture measurements (at 1–4 cm and 5–8 cm depth respec-
tively) and estimated values from σ
0
HV, local incidence angle θ and effective rms height 
ks with the third approach using the Oh model. With a limited 33 samples, model esti-
mations yield RMSE and bias of 12.63 vol. % and 7.46 vol. % compared to in situ soil 
moisture measurements at 1–4 cm depth and accordingly 8.46 vol. % and 2.03 vol. % 
compared to in situ soil moisture measurements at 5–8 cm depth. Significant overesti-
mations are shown for samples, especially from drier field conditions. 
 
Figure 5.10 Comparison between in situ surface soil moisture measurements (at 1–4 cm and 5–8 cm 
depths) and estimated values from σ
0
vv, local incidence angle θ and effective rms height ks. 
 
Figure 5.11 Comparison between in situ surface soil moisture measurements (at 1–4 cm and 5–8 cm 
depths) and estimated values from σ
0
hv, local incidence angle θ and effective rms height ks. 
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5.4.2. Dubois model 
Even after corresponding backscattering coefficient corrections of 7dB and 2.4dB for 
HH and VV polarisations respectively, negative dielectric constants are shown in calcu-
lations from both σ
0
HH and σ
0
VV using the Dubois model, and therefore no meaningful 
overall surface soil moisture estimations are derived from the Dubois model. 
5.4.3. The semi-empirical model for ERS imagery 
The semi-empirical model is applied to ASAR images from 2007–2009 using the origi-
nal coefficients as in the model description section. Figure 5.12 compares the in situ soil 
moisture measurements at both 1–4 cm and 5–8 cm depths and estimated values from 
the semi-empirical model for ERS imagery using the original coefficients. The compari-
son between model estimations and in situ soil moisture measurements at 5–8 cm depth 
appears to agree better than the comparison with in situ soil moisture measurements at 
1–4 cm depth. For a total of 70 samples, compared with the in situ soil moisture at 5 cm 
depth, model estimations yield RMSE and bias as of 8.77 vol. % and 5.14 vol. % for 
HH polarisation and 9.27 vol. % and 6.37 vol. % accordingly for VV polarisation. The 
same 70 samples are used for in situ soil moisture measurements at 5–8 cm depth, 
where model estimations yield RMSE and bias of 6.77 vol. % and 0.72 vol. % for HH 
polarisation and 6.50 vol. % and 0.51 vol. % accordingly for VV polarisation.  
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(b) 
Figure 5.12 Comparisons between in situ soil moisture measurements (at 1–4 cm (a) and 5–8 cm (b) 
depths) and estimated values using the semi-empirical model for ERS imagery. 
Figure 5.13 plots a better result by averaging model estimations from HH and VV po-
larisations. For a total of 70 samples, an RMSE of 6.21 and a bias of 0.11 vol. % are 
achieved. 
 
Figure 5.13 Comparison between in situ soil moisture at 10 cm depth and estimated values by averag-
ing estimations from the semi-empirical model for ERS imagery.  
5.4.4. AIEM 
5.4.4.1. Look-Up-Table approach 
The first adopted approach for the AIEM is the conventional Look-Up-Table (LUT) 
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HH and VV polarisations according to Figure 5.5. Again, this approach shows poor re-
sults in estimated soil moisture by comparing in situ measurements from both HH and 
VV polarisations from a total of 70 samples. Figure 5.14(a) compares model estimations 
with in situ soil moisture at 1–4 cm depth and shows significant RMSE and bias of 
10.87 vol. % and 6.46 vol. % for HH polarisation and 12.18 vol. % and 7.98 vol. % for 
VV polarisation accordingly. Figure 5.14(b) compares model estimations with in situ 
soil moisture at 5–8 cm depth and shows only smaller RMSE and bias of 8.31 vol. % 
and 0.36 vol. % for HH polarisation and 8.97 vol. % and 1.89 vol. % for VV polarisa-
tion accordingly. 
 
(a) 
 
(b) 
Figure 5.14 Comparisons between in situ soil moisture measurements (at 1–4 cm (a) and 5–8 cm (b) 
depths) and estimated values by using the AIEM with in situ measurements of s and l. 
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As in the previous section, an average of the estimations from HH and VV polarisations 
gives a better result as shown in Figure 5.15, where an RMSE of 8.15 vol. % and a bias 
of 1.67 vol. % are achieved for a number of 70 samples. 
 
Figure 5.15 Comparison between in situ soil moisture at 5–8 cm depth and the average estimation by 
using the AIEM with in situ s and l. 
5.4.4.2. Baghdadi approach 
Figure 5.16 illustrates the relationship between empirical correlation length lopt (multi-
plied by the wave number k) and measured rms height s (multiplied by the wave number 
k) for different incidence angle ranges and both co-polarisations. Incidence angle ranges 
are set the same for both polarisations. 
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Figure 5.16 Empirical correlation length and rms height for different incidence angle ranges and po-
larisations . 
Figure 5.17 shows the comparisons between in situ soil moisture measurements (at 1–4 
cm (a) and 5–8 cm (b) depth) and estimated soil moisture using the AIEM and the em-
pirical correlation length. For a total of 70 samples with in situ soil moisture measure-
ments at 1–4 cm depth, model estimations show a better result from VV polarisation 
than HH polarisation. To be specific, the RMSE and bias for HH polarisation are 10.20 
vol. % and 7.13 vol. % and for VV polarisation are 6.44 vol. % and 1.79 vol. % respec-
tively. For the same number of samples with in situ soil moisture measurements at 5–8 
cm depth, both polarisations yield a similar order of agreement in that the RMSE and 
bias are 7.30 vol. % and 1.27 vol. % for HH polarisation and are 7.33 vol. % and 4.07 
vol. % respectively for VV polarisation. 
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(b) 
Figure 5.17 Comparisons between in situ soil moisture measurements (at 1–4 cm (a) and 5–8 cm (b) 
depths) and estimated values by using the AIEM with empirical correlation lopt. 
By averaging model estimations from HH and VV polarisations, the RMSE and bias are 
reduced significantly to 6.19 vol. % and 1.40 vol. % respectively, from the AIEM cou-
pling with measured s and the empirical correlation length lopt as shown in Figure 5.18. 
 
Figure 5.18 Comparison between in situ soil moisture at 5–8 cm depth and the average estimation 
using the AIEM with empirical correlation length lopt. 
5.4.4.3. Rahman approach  
Although the Rahman approach has been described in detail previously, please refer to 
Rahman et al. (2008) for a detailed flow chart of the approach. While incidence angles 
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in this study vary with those in the published dataset, coefficients corresponding to this 
study are derived individually. The rms height s is set between 0.5 cm and 4 cm, which 
fulfils the in situ situation. To be specific, the correlation length series with 0.5 cm step 
and the rms height series with 0.1 cm step are used for regression. Therefore the model 
is valid in the following conditions: 0.5 cm < s < 4 cm, 1 cm < l < 40 cm, vol. % < mv < 
30 vol. % and 10° < θ < 40°. These settings fulfil general natural agricultural conditions 
(Davidson et al. 2000). Before all AIEM regressions, images are to be selected for the 
different steps as described before. Table 5.3 lists the SAR image selection for step 1 in 
Section 5.1.2.3. Note that for both parts of the field F32, the maximum differences in 
local incidence angle are unfortunately less than 10° in the available database, while for 
all other fields, the differences reach over 20°, which satisfies the published condition in 
Rahman et al. (2008). In addition, the surface soil moisture conditions are similar for 
each pair selected. While as previous sections found in situ soil moisture at 5–8 cm 
depth agrees better than the value at 1–4 cm depth with the empirical linear relationship 
with backscattering coefficients, the in situ measurement at 5–8 cm is set to have prior-
ity in consideration. Therefore in some cases, in situ measurements at 1–4 cm depth 
may have large bias, e.g. for F21.  
Following the selected images, regressions based on specific local incidence angles and 
polarisations are taken by using the AIEM, noting that close approximations are given 
for incidence angles to reduce computational efforts, i.e. F11 and F21 will share the 
same coefficient set, while the two parts of F32 will share another coefficient set. The 
expression is given as: 
𝑍 = 𝑎Δ𝜍0 + 𝑏 
5.76 
The corresponding coefficients and their R
2
 are listed in Table 5.4. 
 
 
Soil Moisture Retrieval Model – Evaluation and Assessment 
 
- 116 - 
 
Table 5.3 Selected SAR images with large local incidence angle differences but similar surface geo-
physical conditions for model regression step 1. 
 Date Field Sensor Loc Inc σhh σvv mv 1–4 cm mv 5–8 cm 
Low inc 2007.08.03 F11 ASAR 14.84 -6.51 -7.11 21.61 27.30 
2007.06.29 F21 ASAR 14.04 -5.67 -4.73 17.80 24.00 
2008.05.28 F31 ASAR 18.44 -7.55 -8.16 6.49 9.20 
2009.05.13 F32low ASAR 19.18 -8.37 -8.40 1.33 9.05 
2009.05.13 F32high ASAR 17.82 -8.76 -8.71 2.29 9.47 
High inc 2008.06.06 F11 ASAR 41.96 -8.58 -7.85 25.64 25.50 
2008.06.06 F21 ASAR 41.27 -9.03 -8.04 11.25 17.76 
2008.06.06 F31 ASAR 40.96 -8.61 -10.04 6.92 8.30 
2009.05.16 F32low ASAR 27.63 -8.09 -9.23 3.35 12.09 
2009.05.16 F32high ASAR 26.23 -8.33 -8.46 5.06 12.51 
 
Table 5.4 Coefficients for Rahman approach step 1. 
Field F11 and F21 F31 F32low and F32high 
Polarisation HH VV HH VV HH VV 
a 0.11 0.08 0.08 0.10 0.23 0.23 
b 0.86 0.91 0.86 0.91 0.87 0.89 
R
2
 0.85 0.87 0.88 0.89 0.80 0.82 
 
After substituting the known Δσ
0
, the Z-index is given for each field and polarisation as 
in Table 5.5. 
Table 5.5 Z-index for each field and polarisation. 
 F11 F21 F31 F32low F32high 
HH 0.64 0.50 0.78 0.94 0.97 
VV 0.85 0.65 0.72 0.70 0.95 
 
Table 5.6 lists selected SAR images for step 2 as in the model description section. Al-
though local incidence angle varies from field to field, all images meet the conditions 
that top surface soil moisture is below 4 vol. %. It should be noted however that it is 
difficult to guarantee the top 10 cm surface of each test field remains completely dry, 
e.g. soil moisture on F11 and F21 at 10 cm depth is over 10 vol. % although their top 
surfaces at 5 cm are already dried up. For each local incidence angle range (in this case 
all local incidence angles can be approximated to 23°), Equation 5.70 is calibrated to: 
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𝜍𝑑𝑟𝑦 ,𝑕𝑕
0 = −21.74 + 26.63𝑘𝑠 − 0.90𝑘𝑙 − 16.81(𝑘𝑠)2 + 0.02(𝑘𝑙)2 + 0.83𝑘𝑠𝑘𝑙
+ 2.32(𝑘𝑠)3 + 0.02(𝑘𝑠)2𝑘𝑙 − 0.02𝑘𝑠(𝑘𝑙)2 
5.77 
𝜍𝑑𝑟𝑦 ,𝑣𝑣
0 = −21.26 + 24.12𝑘𝑠 − 0.84𝑘𝑙 − 15.98(𝑘𝑠)2 + 0.01(𝑘𝑙)2 + 0.96𝑘𝑠𝑘𝑙
+ 2.26(𝑘𝑠)3 − 0.01(𝑘𝑠)2𝑘𝑙 − 0.02𝑘𝑠(𝑘𝑙)2 
5.78 
and their R
2
 are 0.96 and 0.95 respectively. 
Table 5.6 Selected SAR images in extremely dry surface soil conditions for model regression. 
Date Field Sensor Loc Inc σhh σvv mv 1–4 cm mv 5–8 cm 
2009.05.22 F11 Radarsat-2 20.67 -8.57 -8.58 3.83 15.20 
2009.05.22 F21 Radarsat-2 19.82 -8.51 -8.72 2.99 10.93 
2008.06.17 F31 Radarsat-2 23.63 -10.06 -10.14 3.39 5.38 
2009.06.12 F32low Radarsat-2 21.98 -9.30 -8.74 2.39 6.61 
2009.06.12 F32high Radarsat-2 23.16 -8.52 -8.37 3.74 8.61 
 
After using an iterating method, the best fitting ks and kl for each field and polarisation 
are given in Table 5.7. 
Table 5.7 Estimated ks and kl using the AIEM for each field and polarisation. 
 HH VV 
ks kl ks kl 
F11 1.08 1.92 1.02 1.24 
F21 1.98 11.00 1.07 1.82 
F31 0.83 0.81 1.04 1.55 
F32low 1.05 1.20 1.05 1.62 
F32high 1.05 1.15 1.01 1.08 
Equation 5.74 is then calibrated according to local incidence angle, i.e. 14°, 19°, 23°, 29°, 
and 41° and polarisations as in Appendix A. Soil moisture for each sample can be esti-
mated by substituting estimated ks and kl for the corresponding expression according to 
the local incidence angle range and polarisation. However, the study finds that a large 
number of samples from σ
0
VV yield overwhelmingly high soil moisture estimations, lar-
ger than 50 vol. %. Therefore, only the results from σ
0
HH are shown in Figure 5.19, 
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where a total of 56 samples of soil moisture estimations from σ
0
HH yield RMSE and bias 
of 7.68 vol. % and 2.82 vol. %. Due to insignificant difference of local incidence angle 
between images for F32, soil moisture of higher than 100 vol. % is calculated for the 
field, and therefore the results for F32 are omitted as outlier.  
 
Figure 5.19 In situ soil moisture measurement at 5–8 cm depth and Rahman estimations from σHH. 
5.5. Summary 
This chapter describes in detail several semi-empirical models and theoretical models, 
as the foundation for the following experiments and applications. Before implementing 
these models in practice, field data and backscattering coefficients from SAR are veri-
fied through an empirical relationship between surface soil moisture and backscattering 
coefficients for HH and VV polarisations and for different ranges of incidence angle 
(Baghdadi et al. 2006b). Figure 5.2 proves good agreements between measured surface 
soil moisture and derived backscattering coefficients from SAR imagery. It is also 
found that measured soil moisture at 5–8 cm depth shows better results than soil mois-
ture at 1–4 cm depth, especially in dry conditions, which may indicate a deeper penetra-
tion of microwave signal in the drier conditions.  
After verification, the models are evaluated through comparisons between backscat-
tering coefficient simulation and derived values from SAR imagery. The simulations are 
based on in situ soil moisture and roughness measurements/empirical correlation length. 
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Comparisons show overestimation of backscattering coefficients for both HH and VV 
polarisations in semi-empirical models universally. In particular, the Oh model in both 
its 2002 and 2004 versions show overestimations over 3dB for both co-polarisations, 
while a closer agreement is found for VV polarisation than for HH polarisation using 
the Dubois model. The Oh model shows large RMSE but close-to-zero bias for HV po-
larisation. The semi-empirical model for ERS imagery shows the best fitted result with 
overestimations of less than 2dB for both co-polarisations, while no in situ surface 
roughness information is needed. In terms of the theoretical model the AIEM two 
shapes of correlation function are tested for measured s and l. It is found that the AIEM 
coupled with the Gaussian ACF leads to significant RMSE for backscattering coeffi-
cients for both HH and VV polarisations. Similar to the Oh model, about 3dB overesti-
mation of backscattering coefficients from both HH and VV polarisations are shown 
from the AIEM coupled with the exponential ACF. The best results are achieved by the 
AIEM coupled with the empirical correlation length (Baghdadi et al. 2006a), while 
bias is reduced to within 1dB for both co-polarisations.    
After careful evaluation, all models/approaches are used for soil moisture conversion 
from SAR backscattering coefficients. ―Backscattering corrections‖ are adopted for 
those models with significant overestimating performance during the evaluation process. 
Table 5.8 lists the best performance of each model/approach and their statistics in terms 
of RMSE and bias compared to in situ soil moisture measurements. The Dubois model 
is unable to provide meaningful soil moisture estimation for all samples due to its model 
condition limitation. An additional reason might be its limitation on fine scales 
(Western et al. 2001). Although the Oh model and the AIEM coupled with LUT ap-
proach are able to estimate surface soil moisture with RMSE around 8 vol. %, their re-
quirements of different backscattering coefficient corrections limit the applicability of 
these models over other test areas as an operational approach. After averaging estima-
tions from both co-polarisations, the RMSE is reduced significantly to 6.19 vol. %, 
equivalent to the best performance from the semi-empirical model for ERS imagery. 
The semi-empirical model for ERS imagery utilises a straightforward approach and 
provides good results with no limited in situ measurements, i.e. only soil texture infor-
mation is needed during soil moisture conversion from the dielectric constant. However, 
roughness factors are removed out of the model concept by consideration of average 
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conditions of the test sites in the calibrated database (Loew et al. 2006a). Therefore, 
apart from soil moisture, there is no other perspective to assess this model‘s capability. 
The AIEM coupled with the empirical correlation length is able to estimate surface soil 
moisture with RMSE around 6 vol. % from dual-polarisation at field scale in this study 
without backscattering coefficient correction. The models require in situ rms height s 
for model initialisation.  
Clearly, large uncertainties are introduced to backscattering models through roughness 
parameterisation especially of the correlation length. The inaccuracy could result in 
scale difference between the photogrammetric technique and SAR observations. First 
the sufficient scale of the photogrammetric technique still needs to be reassessed to bet-
ter represent the field structure. Furthermore, when the measurements of the photo-
grammetric technique are upscaled to meet the SAR observation, additional errors may 
need to be taken into account. This in-field measurement induced inaccuracy can be 
overcome by the empirical correlation length. For a future operational approach, which 
needs roughness parameterisation, other remote sensing based roughness inversions are 
necessary, such as the polarimetric method (Hajnsek et al. 2003). Nevertheless, this 
study evaluates a number of widely used models and approaches. Results show that for 
a future operational approach with confident rms height available, the AIEM-Baghdadi 
approach is able to provide soil moisture estimation with RMSE in the order of 6 vol. %.   
As an operational approach, the AIEM adapted Rahman approach has the advantage of 
no requirements of in situ measurements, and it can provide estimated rms height s and 
correlation length l for further model assessment. Note the model is calibrated on the 
following conditions: 0.5 cm < s < 4 cm, 1 cm < l < 40 cm, 3 vol. % < mv < 30 vol. % 
and 10° < θ < 40°, and therefore is only recommended be applied in these conditions. 
However, the model has the following limitations. First, the approach requires at least 
two images with large difference of local incidence angle, i.e. larger than 20°. A failure 
to satisfy this requirement will lead to a failure of soil moisture estimation, as for F32 in 
this study. Second, since the AIEM regression requires at least three SAR images, the 
arbitrary selection of images may introduce errors into the final estimation. Therefore, 
fewer arbitrary selections are preferred. Chapter 6 will focus on solving these limita-
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tions through proposing a new model for soil moisture retrieval on fields of small size in 
a semi-arid environment.  
Table 5.8 Soil moisture conversion statistics. 
Model/approach Polarisation RMSE (vol. %) Bias (vol. %) 
Oh VV 8.64 2.03 
HV 12.63 7.46 
Semi-empirical model for ERS imagery HH 6.72 0.72 
VV 6.50 0.51 
 HH+VV 6.21 0.11 
AIEM+LUT HH 8.31 0.36 
VV 8.97 1.89 
 HH+VV 8.15 1.67 
AIEM+lopt HH 7.30 1.27 
VV 7.33 4.07 
 HH+VV 6.19 1.40 
AIEM+Rahman HH 7.68 2.82 
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There is never an end to learning. The dye 
extracted from the indigo is bluer than 
the plant; so is the ice colder than the 
water. 
---Xun Zi 
Chapter 6 Model Development, Evaluation and 
Sensitivity Analysis 
Chapter 5 focused on various models for soil moisture retrieval. The Rahman approach 
is considered to be a good operational approach to surface soil moisture retrieval. In 
addition, it is developed based on the theoretical backscattering model with solid con-
cepts. As previously described, backscattering coefficients are related to the dielectric 
constant ε, rms height s, correlation length l, ACF, local incidence angle θ as well as 
SAR configurations, polarisation and signal frequency f. As the Rahman approach is 
able to estimate both soil moisture and roughness information without any auxiliary 
data, it is necessary to re-evaluate the model in detail as a whole backscatter system 
through backscattering coefficient simulation comparison with the derivation from SAR 
imagery. Chapter 5 also raises the issue of two limitations of the Rahman approach: its 
restriction on incidence angle requirements of SAR imagery and arbitrary selection of 
SAR imagery induced errors. Therefore, the current version of the Rahman approach 
has to be improved to overcome the two limitations.  
This chapter proposes a new version of the Rahman approach for surface soil moisture 
retrieval from SAR. It starts with the rationale and a description of the proposed model 
in Section 6.1, followed by model assessment through comparison between model esti-
mation of soil moisture and in situ measurement in section 6.2. In section 6.3, the Rah-
man approach is fully evaluated through backscattering coefficient simulation. After 
that, the model sensitivity analysis is conducted for a better understanding of the theo-
retical model, the AIEM and the proposed model‘s performance in section 6.4. The 
chapter is summarised in section 6.5. 
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6.1. Rationale and Description of the Updated Rahman Approach 
6.1.1. The model rationale-– Limitations of Rahman approach 
As previously mentioned, for an operational approach, the Rahman method has the ad-
vantage of having no requirement for auxiliary data, i.e. no in situ measurements are 
necessary for either calibration or parameterisation. The whole approach is built on 
theoretical models – the IEM (Rahman et al. 2008) and the AIEM as described in 
Chapter 5 is adopted for this study, and thus with strong physical meaning. However, 
limitations as found in previous chapter are: 
1) The Rahman approach requires at least two images with large incidence angle 
difference but from similar geophysical conditions to eliminate the soil moisture 
effect on backscattering coefficients and hence to derive the Z-index for surface 
roughness estimation. Although the current SAR system can generally provide a 
large range of incidence angles over the same observation area, the minimum 20° 
of incidence angle difference can still be problematic, e.g. for F32 in this study 
as described in Chapter 5, where limited images are available with the maximum 
incidence angle difference of around 10°. In this case, no reasonable estimations 
can be made for surface roughness or soil moisture for the specific field or area. 
2) The Rahman approach consists of three steps as described in Chapter 5, with a 
total of at least three images for coefficient regression. For step 1, two images 
are needed with considerable difference of incidence angle and close surface 
geophysical conditions; for step 2, one image in extremely dry conditions is 
needed to further eliminate the soil moisture effect on backscattering coefficients. 
In both cases, arbitrary selection of SAR images is unavoidable. Furthermore if 
the two images required for step 1 are not acquired at the same time of day and 
on close dates with similar meteorological conditions, it is not guaranteed that 
the selected images have similar surface geophysical condition without in situ 
measurement, which should be avoided in an operational approach. The in situ 
measurement of soil moisture is used for selecting images for coefficient regres-
sions. 
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The above two limitations of the AIEM based Rahman approach mean that it has to be 
further developed and improved. A detailed model description is given in Section 6.1.2. 
6.1.2. Description of the Baghdadi-Rahman model 
The empirical correlation length has been already described and evaluated in Chapter 5, 
where its capability of simulating backscattering coefficients correctly, with bias of no 
larger than 1dB, was demonstrated. Therefore, a new version of the Rahman approach 
based on the AIEM is proposed by coupling the empirical correlation length with the 
Rahman approach, namely the Baghdadi-Rahman model. The empirical correlation 
length will be used as a substitution of step 1 of the Rahman approach and represent the 
relationship between correlation length l and rms height s. Hence, in this case, only im-
age(s) in extremely dry conditions are selected instead of three images with different 
imaging geometry. And the model restriction on incidence angle difference is avoided. 
Basically, the Baghdadi-Rahman model inverts surface soil moisture in a similar way to 
the original Rahman approach with the exception of implementing the empirical corre-
lation length to express the correlation between rms height s and correlation length l 
instead of using the Z-index. Again, the model is calibrated on the following conditions: 
0.5 cm < s < 4 cm, 1 cm < l < 40 cm, 3 vol. % < mv < 30 vol. % and 10° < θ < 40°.  
6.1.3. Pre-assumption of the Baghdadi-Rahman model 
The validity of the proposed Baghdadi-Rahman model is based on one major pre-
assumption, that the surface roughness variability during campaign periods has limited 
impacts on soil moisture inversion, which is satisfied through in situ roughness meas-
urements described in Chapter 3. 
6.2. Baghdadi-Rahman Model Assessment 
6.2.1. The first assessment 
Step 1 in the Rahman approach is substituted by the expressions of the empirical corre-
lation length (Baghdadi et al. 2006a). Therefore the correlation lengths for HH and VV 
polarisations are expressed by Equations 5.67 and 5.68 respectively, instead of by s
2
/Z-
index in step 2. The Baghdadi-Rahman model starts with coefficient regression for 
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Equation 5.70. The same five images are selected for fields in the extremely dry condi-
tions as in Chapter 5. Since the empirical correlation length adopts the Gaussian ACF, 
the Gaussian ACF is chosen for the AIEM regression instead of the exponential ACF in 
Chapter 5. Furthermore, the backscattering coefficient becomes more sensitive to inci-
dence angles with Gaussian ACF than exponential ACF. Thus these five images are 
separated into two groups in terms of local incidence angle (i.e. 19° and 23°). Regres-
sion results are given in Equations 6.1–6.4: 
𝜍𝑑𝑟𝑦 ,𝑕𝑕
0  19° = −14.83 + 27.17𝑘𝑠 − 1.90𝑘𝑙 − 23.12 𝑘𝑠 2 − 0.13(𝑘𝑙)2 + 3.39𝑘𝑠𝑘𝑙
+ 4.68(𝑘𝑠)3 − 0.81(𝑘𝑠)2𝑘𝑙 + 0.04𝑘𝑠(𝑘𝑙)2 
6.1 
𝜍𝑑𝑟𝑦 ,𝑣𝑣
0  19° = −15.40 + 26.73𝑘𝑠 − 1.66𝑘𝑙 − 23.08 𝑘𝑠 2 − 0.13(𝑘𝑙)2 + 3.32𝑘𝑠𝑘𝑙
+ 4.69(𝑘𝑠)3 − 0.79(𝑘𝑠)2𝑘𝑙 + 0.03𝑘𝑠(𝑘𝑙)2 
6.2 
𝜍𝑑𝑟𝑦 ,𝑕𝑕
0  23° = −14.17 + 30.48𝑘𝑠 − 3.31𝑘𝑙 − 25.81 𝑘𝑠 2 − 0.13(𝑘𝑙)2 + 4.32𝑘𝑠𝑘𝑙
+ 5.14(𝑘𝑠)3 − 0.93(𝑘𝑠)2𝑘𝑙 + 0.03𝑘𝑠(𝑘𝑙)2 
6.3 
𝜍𝑑𝑟𝑦 ,𝑣𝑣
0  23° = −15.26 + 30.61𝑘𝑠 − 2.88𝑘𝑙 − 26.08 𝑘𝑠 2 − 0.13(𝑘𝑙)2 + 4.11𝑘𝑠𝑘𝑙
+ 5.21(𝑘𝑠)3 − 0.89(𝑘𝑠)2𝑘𝑙 + 0.02𝑘𝑠(𝑘𝑙)2 
6.4 
where R
2
 are 0.983, 0.978, 0.989 and 0.983 respectively. 
After using an iterating method, the best fitting ks and kl are derived for each test field 
and polarisation as listed in Table 6.1. 
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Table 6.1 Estimated ks and kl using the Baghdadi-Rahman model for each field and polarisation. 
 HH VV 
ks kl ks kl 
F11 1.75 18.80 1.28 13.56 
F21 1.63 18.61 1.66 18.27 
F31 1.85 16.52 1.23 10.84 
F32low 1.76 17.39 1.72 16.27 
F32high 1.83 16.81 1.77 15.44 
After substituting estimated ks and kl as well as SAR backscattering from both co-
polarisations into Equations in Appendix A, surface soil moisture mv is inverted and 
plotted in Figure 6.1. For a total of 70 samples, the result from HH polarisation gives 
RMSE and bias of 6.27 vol. % and 1.03 vol. % compared with in situ measurement at 
5–8 cm depth. For the same number of samples, the result of VV polarisation performs 
slightly worse with RMSE and bias of 8.71 vol. % and 2.04 vol. % respectively. 
 
Figure 6.1 Estimated soil moisture from both co-polarisations using Baghdadi-Rahman model and in 
situ soil moisture at 5–8 cm depth. 
As in Chapter 5, estimations from HH and VV polarisations are averaged and Figure 6.2 
shows the comparison between in situ soil moisture at 5–8 cm depth and the averaged 
estimation from the Baghdadi-Rahman model. For a total of 70 samples, RMSE and 
bias are achieved as 6.61 vol. % and 0.50 vol. % respectively. 
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Figure 6.2 Averaged estimation from Baghdadi-Rahman model and in situ soil moisture at 5–8 cm 
depth. 
6.2.2. In-field variability correction in extremely dry conditions 
For the study site in Sardinia, it is easy to get access to images for several days during 
the summer, with extremely dry surface conditions. Therefore, two images on close 
acquisition dates and close local incidence angles are selected for each test field for step 
2 of the Baghdadi-Rahman model, instead of only one image for each field. The average 
of both backscattering coefficients and local incidence angles is taken to represent the 
condition. The selection of imagery is listed in Table 6.2. 
Table 6.2 Selected SAR images for extremely dry surface soil conditions for model regression. 
Date Field Sensor Loc Inc (°) σHH σVV 
2009.05.19 F11 Radarsat-2 22.16 -8.37 -8.56 
2009.05.23 F11 ASAR 24.68 -9.87 -7.38 
 F11_ mean  23.42 -9.12 -7.97 
2009.06.01 F21 ASAR 22.94 -8.15 -8.26 
2009.06.12 F21 Radarsat-2 22.43 -8.68 -8.40 
 F21_mean  22.68 -8.41 -8.33 
2008.06.17 F31 Radarsat-2 23.63 -10.06 -10.14 
2008.06.16 F31 ASAR 22.93 -8.81 -8.65 
 F31_mean  23.28 -9.44 -9.40 
2009.06.12 F32low Radarsat-2 21.98 -9.30 -8.74 
2009.06.01 F32low ASAR 23.49 -9.11 -7.74 
 F32low_mean  22.74 -9.20 -8.24 
2009.06.12 F32high Radarsat-2 23.16 -8.52 -8.37 
2009.06.01 F32high ASAR 22.1 -9.25 -8.50 
 F32high_mean  22.63 -8.88 -8.44 
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By using the same technique, ks and kl are estimated with the best fitting results for dif-
ferent fields and polarisations, as listed in Table 6.3. 
Table 6.3 Estimated ks and kl using the improved Baghdadi-Rahman model for each field and polarisa-
tion. 
 HH VV In situ average RMSE 
ks kl ks kl ks kl ks,HH ks,VV kl, HH kl, VV  
F11 1.84 16.65 1.77 15.25 2.78 19.94 
0.62 0.68 4.91 6.02 
 
F21 1.81 17.08 1.75 15.80 2.47 23.36  
F31 1.84 16.74 1.77 15.35 2.50 25.10  
F32low 1.81 17.05 1.75 15.75 2.10 17.62  
F32high 1.80 17.10 1.75 15.83 2.10 17.62  
 
After substituting estimated ks and kl, and regressed coefficients according to local inci-
dence angle ranges and polarisations, surface soil moisture is inverted from backscat-
tering coefficients as previously described. The comparison between in situ soil mois-
ture at 5–8 cm depth and estimated values from the improved Baghdadi-Rahman model 
is plotted in Figure 6.3. For a total of 70 samples, similar to previous comparisons, HH 
polarisation yields better results than VV polarisation. The RMSE and bias are 6.32 
vol. % and 0.93 vol. % for HH polarisation respectively and 7.04 vol. % and 0.98 vol. % 
for VV polarisation respectively. Compared to average in situ measurements, HH po-
larisation performs better than VV polarisation, while average errors of 26% and 28% 
are found for rms height from HH and VV respectively and 24% and 29% for correla-
tion length correspondingly. Note that the Gaussian ACF is used for comparison in ac-
cordance with the ACF type used for the empirical correlation length. 
Estimations from both co-polarisations are averaged and compared with in situ soil 
moisture at 5–8 cm depth. The result is plotted in Figure 6.4, where the RMSE is re-
duced to 5.60 vol. % for 70 samples over three years and the bias is limited to 0.04 
vol. %. The Nash-Sutcliffe model efficiency coefficient E is achieved as 0.01. In addi-
tion, Figure 6.5 plots the estimated soil moisture errors and corresponding local inci-
dence angle over the field, the errors being independent of local incidence angle. 
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Figure 6.3 Estimated soil moisture from both co-polarisations using the improved Baghdadi-Rahman 
model and in situ soil moisture at 5–8 cm depth. 
 
Figure 6.4 Averaged estimation from the improved Baghdadi-Rahman model and in situ soil moisture 
at 5–8 cm depth. 
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Figure 6.5 Estimated soil moisture errors and local incidence angle. 
6.2.3. Application in crop fields 
Applying the same approach to the crop fields, soil moisture estimations are compared 
with in situ measurements at 5–8 cm depth in Figure 6.6. A clear difference can be no-
ticed for soil moisture conditions below and above 20 vol. % in terms of RMSE. 
 
Figure 6.6 Soil moisture estimation from the Baghdadi-Rahman model and in situ soil moisture at 5–8 
cm depth in crop fields, with separated RMSE for soil moisture lower than 20 vol. % and 
higher than 20 vol. %. 
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6.3. Evaluation of Baghdadi-Rahman Model 
Surface soil moisture as well as rms height s and correlation length l can be estimated 
from the Baghdadi-Rahman model, which is based on the theoretical model, the AIEM. 
The aim of this study is to achieve an operational approach to invert surface soil mois-
ture from SAR remote sensing over small bare fields in a semi-arid environment, and 
therefore roughness information is a parameter that must be considered in a conceptual 
way. The following part of the section will evaluate the proposed Baghdadi-Rahman 
model in terms of its by-product effective rms height ks and correlation length kl. The 
estimations of roughness parameters from Table 6.3 will be used as substituted input 
parameters to in situ measurements into the backscattering models used in Chapter 5 
and the estimations from HH and VV polarisations are treated separately. 
6.3.1. Oh model 
Figure 6.7 plots the performance of the Oh model (2002 and 2004 versions) after apply-
ing estimated rms height s and correlation length l from HH polarisation by using the 
proposed Baghdadi-Rahman model. Figure 6.7(a)–(j) shows the comparisons for the co-
polarised ratio p, the cross-polarised ratio q using the 2002 version, the cross-polarised 
ratio q using the 2004 version, σ
0
HH using the 2002 version, σ
0
HH using the 2004 version, 
σ
0
VV using the 2002 version, σ
0
VV using the 2004 version, σ
0
HV, mv derived from σ
0
HV and 
mv derived from σ
0
VV. Statistical comparisons between these results and the results using 
the in situ roughness measurements in terms of RMSE and bias are listed in Table 6.4 in 
section 6.3.1.3. 
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           (j) 
Figure 6.7 Oh model performance using estimated ks and kl from σ
0
HH using the Baghdadi-Rahman 
approach. 
Figure 6.8 plots the performance of the Oh model (2002 and 2004 versions) after apply-
ing estimated rms height s and correlation length l from VV polarisation using the pro-
posed Baghdadi-Rahman model. Figure 6.8(a)–(j) show the comparisons for the co-
polarised ratio p, the cross-polarised ratio q using the 2002 version, the cross-polarised 
ratio q using the 2004 version, σ
0
hh using the 2002 version, σ
0
hh using the 2004 version, 
σ
0
vv using the 2002 version, σ
0
vv using the 2004 version, σ
0
hv, mv derived from σ
0
hv and 
mv derived from σ
0
vv. Statistical comparisons between these results and the results using 
the in situ roughness measurements in terms of RMSE and bias are listed in Section 
6.3.1.3. 
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           (h) 
 
(i) 
 
(j) 
Figure 6.8 Oh model performance using estimated ks and kl from σ
0
vv using the Baghdadi-Rahman 
approach. 
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Table 6.4 compares Oh model products from co-polarised ratio p, the cross-polarised 
ratio q from both versions of the Oh model, σ
0
HH and σ
0
VV from both versions of the Oh 
model and σ
0
HV in dB and surface soil moisture estimations from σ
0
HV and σ
0
VV respec-
tively in vol. %. Significant improvement in Oh model performance can be found in 
backscattering coefficient estimations and soil moisture estimation from σ
0
HV, with 
RMSE and bias reduced by ~1dB from the Oh model using in situ roughness measure-
ment compared to using Baghdadi-Rahman model estimated roughness information. 
However, large RMSE and bias still exist in estimations of the cross-polarised ratio p 
and the co-polarised ratio q. 
Table 6.4 Comparison between Oh model performance using in situ roughness measurements and 
roughness estimations from Baghdadi-Rahman model in terms of RMSE and bias for the model prod-
ucts. 
Roughness 
source 
In situ measurement Baghdadi-Rahman model+ σ
0
HH Baghdadi-Rahman model+ σ
0
VV 
 RMSE Bias RMSE Bias RMSE Bias 
p 1.03 0 1.04 0 1.04 0.02 
q(2002) 4.86 4.39 5.10 4.66 5.11 4.67 
q(2004) 4.15 3.58 4.36 3.84 4.39 3.87 
σ
0
HH(2002) 4.44 4.05 3.50 3.05 3.35 2.88 
σ
0
HH(2004) 3.68 3.18 2.82 2.21 2.70 2.07 
σ
0
VV(2002) 4.31 3.93 3.06 3.49 3.35 2.90 
σ
0
VV(2004) 3.57 3.06 2.81 2.22 2.70 2.09 
σ
0
HV 3.08 0.06 3.50 1.13 3.35 1.29 
mv from σ
0
HV 14.12 1.69 13.35 2.01 12.84 1.32 
mv from σ
0
HV 8.64 2.03 9.11 0.99 8.25 4.18 
 
6.3.2. AIEM 
Backscattering coefficients are simulated based on the following parameters: both the 
real part and the imaginary part of the dielectric constant is calculated empirically from 
in situ soil moisture measurements at 5–8 cm depth (Hallikainen et al. 1985) and esti-
mated ks and kl from the Baghdadi-Rahman model (Table 6.3). Noting that as 10 sam-
ples are used in the model assessment for deriving ks and kl (Table 6.2), the correspond-
ing data are excluded in the following evaluation. Therefore the total number of samples 
is reduced from 70 to 60. Figure 6.9(a) and (b) compare the backscattering coefficients 
derived from SAR imagery and simulated by the AIEM, where roughness estimations 
from HH and VV polarisations are employed separately. For a number of 60 samples, 
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roughness estimations from HH and VV polarisations yield very close results. In both 
cases, the RMSE and bias are marginally smaller for simulated VV polarisation than for 
simulated HH polarisation. The best result is achieved by using estimated roughness 
from VV polarisation using the Baghdadi-Rahman model for simulating VV polarisa-
tion backscattering coefficients for SAR imagery with RMSE and bias of 2.39dB and 
0.85dB respectively. 
 
           (a) 
 
           (b) 
Figure 6.9 Baghdadi-Rahman model evaluation through backscattering coefficient comparison be-
tween values derived from SAR imagery and simulated by the AIEM using in situ soil mois-
ture values at 5–8 cm depth and estimated roughness ((a) from HH polarisation and (b) from 
VV polarisation) using the Baghdadi-Rahman model. 
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Table 6.5 compares all backscattering coefficient simulations using the AIEM in this 
study in terms of the RMSE, the bias, the Leave-One-Out-Cross-Validation (LOOCV) 
RMSE and the Nash-Sutcliffe model efficiency coefficient E. The averaged RMSE after 
the LOOCV are equal to the normal RMSE. It also shows that when using the rough-
ness information from estimations of the Baghdadi-Rahman model, the RMSE and the 
bias are reduced by 0.6dB and over 1dB respectively compared to the AIEM simulation 
using in situ ks and kl, irrespective of the polarisation. However, the most accurate 
backscattering coefficient simulation is still achieved by using measured ks and the em-
pirical correlation length lopt as listed in the last column.     
Table 6.5 Comparison between all backscattering coefficient simulations using the AIEM. 
AIEM adopted rough-
ness source 
Estimations from Bagh-
dadi-Rahman model+ 
σ
0
HH 
Estimations from Bagh-
dadi-Rahman model+ 
σ
0
VV 
In situ 
ks and 
kl 
Measured ks 
and lopt 
σ
0
HH 
RMSE 2.62 2.61 3.29 1.63 
Bias 1.30 1.29 2.71 0.25 
LOOCV 2.62 2.61 3.28 1.63 
Nash-Sutcliffe -3.33 -3.29 -6.59 -0.86 
σ
0
VV 
RMSE 2.41 2.39 3.00 1.82 
Bias 0.90 0.85 2.38 0.95 
LOOCV 2.41 2.39 3.00 1.82 
Nash-Sutcliffe -3.10 -3.03 -5.98 -1.59 
 
6.4. Sensitivity Analysis 
The models in section 6.3 are all based on the theoretical model. To determine the back-
scattering coefficient simulation, errors can be contributed to the AIEM by errors of the 
following parameters for C-band signal: rms height s, correlation length l and surface 
soil moisture mv, for different incidence angles and polarisations. Therefore, a sensitiv-
ity analysis is necessary to help understand the AIEM performance through quantifying 
the sensitivity of the simulated backscattering coefficient to the surface geophysical 
parameters, according to different incidence angles and polarisations.  
6.4.1. Parameterisation of the AIEM simulation 
The average amount of proportion of sand (50%) and clay (27%) of the four bare fields 
is used for transforming the dielectric constant from soil moisture and they are assumed 
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to represent the general soil texture (loam) over the region in the following AIEM simu-
lations. For the roughness parameters, the rms height s is set ranging from 0.5 cm to 4 
cm with 0.5 cm as a step and the correlation length l is set ranging from 1 cm to 40 cm 
with 1 cm as a step. The surface soil moisture mv is set ranging from 3 vol. % to 30 vol. % 
with 3 vol. % as a step. Each valid value of these three parameters is used to create full 
possibility combinations of surface geophysical situations. Backscattering coefficients 
for co-polarisations for the range of incidence angle of 10° to 45° are simulated.  
6.4.2. Description of the AIEM simulation 
The relationships between radar backscattering coefficients and surface geophysical 
parameters as well as incidence angle (in the proposed ranges) are plotted in Figure 6.10. 
In general, both co-polarisations have similar performance compared to those parame-
ters. The sensitivity of the backscattering coefficients on these different factors is sum-
marised as follows:  
1) For the range 10° ≤ θ ≤ 40°, backscattering coefficients become less sensitive 
when incidence angle increases. Peak values of backscattering coefficients are re-
duced with increase of incidence angle. When θ = 40°, backscattering coefficients 
are the least sensitive to other factors;  
2) For correlation length shorter than ca. 10 cm, backscattering coefficients become 
less sensitive when the correlation length increases, where backscattering coeffi-
cients increase with l, while the sensitivity increases slightly with the correlation 
length when l ≥ 10 cm. Similarly, backscattering coefficients are the least sensi-
tive to other factors when l ≥ 10 cm;  
3) For surface soil moisture, the backscattering coefficients are most sensitive in dry 
regions, while they become much less sensitive when mv ≥ ca. 20 vol. %. For the 
whole range of surface soil moisture, backscattering coefficients have equivalent 
sensitivity to other factors. It is also clear that backscattering coefficients increase 
with surface soil moisture in the whole range of 3 vol. % to 30 vol. %;  
4) Backscattering coefficients are very sensitive to rms height s in the whole range. 
Backscattering coefficients are the least sensitive to other factors when s = 1 cm. 
Backscattering coefficients increase with s when s < 1 cm and decrease with s 
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when s > 1 cm. Backscattering coefficients become slightly more sensitive to 
other factors with s increases. 
 
                                 (a)                                                              (b) 
 
                                 (c)                                                             (d) 
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                                  (e)                                                              (f) 
 
                                 (g)                                                              (h) 
Figure 6.10 Relationships between (a) incidence angle θ and σ
0
HH; (b) incidence angle θ and σ
0
VV; (c) 
correlation length l and σ
0
HH; (d) correlation length l and σ
0
VV; (e) surface soil moisture mv 
and σ
0
HH; (f) surface soil moisture mv and σ
0
VV; (g) rms height s and σ
0
HH and (h) rms height 
s and σ
0
VV plotted from the AIEM simulation. 
6.4.3. Impact factor 
In addition to the qualitative analysis of backscattering coefficient sensitivity to surface 
geophysical parameters and incidence angle, it would also be helpful to conduct a quan-
titative sensitivity analysis. An index ξ to quantify the impact of incidence angle θ on 
backscattering coefficient σ
0
pq is introduced as: 
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𝜉(𝜃 ,𝑝𝑞 ) = Δ𝜃/Δ𝜍𝑝𝑞
0  
6.5 
where pq denotes the transferred and received polarisations respectively, i.e. HH or VV. 
For the other factor, α, its impact on backscattering σ
0
pq can be expressed by substituting 
θ by α in the numerator of Equation 6.5. By the definition, the mean and two percentiles 
– 95.4
th
 and 68.2
th
 percentiles of the index ξ of incidence angle θ, rms height s, correla-
tion length l and soil moisture mv to σ
0
HH and σ
0
VV – are listed in Table 6.6: 
1) Soil moisture has a similar impact of just above 6 vol. %/dB on backscattering 
coefficients from both co-polarisations on average with about 9 vol. %/dB and 
12 vol. %/dB as 68.2
th
 and 95.4
th
 percentiles; 
2) The average impact factor ξ of incidence angle θ is slightly larger on HH polari-
sation than on VV polarisation. However, the 95.4
th
 percentile is extremely large 
as between 28 and 30 degree/dB for HH and VV polarisations while the 68.2
th
 
percentiles are about 5.5 degree/dB for both co-polarisations; 
3) For rms height s, the mean of impact factor ξ is low from both co-polarisations. 
Both 95.4
th
 and 68.2
th
 percentiles are close for both HH and VV polarisations as 
about 1.08 cm/dB and 0.09 cm/dB respectively; 
4) The mean values of the impact factor of correlation length are similar but larger 
percentile values are seen, about 11.78 cm/dB and 1.75 cm/dB for 95.4
th
 and 
68.2
th
 percentiles respectively. 
Table 6.6 Statistics of the impact factor ξ of incidence angle θ, rms height s, correlation length l and 
soil moisture mv on backscattering coefficients of HH and VV polarisations. 
Impact factor ξ Polarisation Mean  95.4
th
 percentile 68.2
th
 percentile 
Incidence angle (degree/dB) HH 4.53 28.01 5.42 
VV 3.49 30.03 5.56 
rms height (cm/dB) HH 0.06 1.12 0.09 
VV -0.47 1.05 0.09 
Correlation length (cm/dB) HH -0.59 11.94 1.73 
VV 0.21 11.71 1.76 
Soil moisture (vol. %/dB) HH 6.49 12.39 8.97 
VV 6.31 12.15 8.51 
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6.5. Summary 
The Baghdadi-Rahman model, which couples the empirical correlation length to the 
Rahman approach and the AIEM, is proposed in this chapter. Several advantages are 
achieved in the new model, which 1) follows the original Rahman approach, eliminates 
the problematic input surface roughness parameters as in conventional semi-empirical 
models, while requiring no auxiliary data from in situ measurements; 2) successfully 
reduces the SAR image requirements from three images in different surface geophysical 
conditions to one/two image(s) in extremely dry conditions only; 3) hence successfully 
overcomes the limitation on incidence angle differences between available SAR images; 
and 4) reduces the computational requirement for model coefficient regression. To 
achieve better model estimations, two treatments are used by 1) averaging backscat-
tering coefficient values from two instead of one image in extremely dry conditions and 
2) averaging model productions from HH and VV polarisations. The model is evaluated 
against in situ soil moisture measurements with the best performance of soil moisture 
estimation at an accuracy of 5.60 vol. % and a bias of only 0.04 vol. %. By applying this 
to crop fields, the model proves its capability in the relatively late phonological stages, 
when soil moisture conditions are also drier, for wheat, bean and canola fields with a 
high accuracy of 4.51 vol. %. 
To evaluate the Baghdadi-Rahman model, its by-product rms height s and correlation 
length l are used as input instead of in situ roughness measurements as in the Oh model 
and the AIEM model. By comparing estimations of backscattering coefficients and sur-
face soil moisture from co-polarisations from the Oh model, results are improved in 
terms of the RMSE, reduced by about 1dB for backscattering coefficients and 1 vol. % 
for soil moisture estimations. Further evaluation is conducted by implementing the es-
timated s and l for the AIEM parameterisation. The results of four sets of roughness 
parameters are inter-compared – estimated s and l from σ
0
HH and σ
0
VV using the Bagh-
dadi-Rahman model, in situ roughness measurement and measured s coupling the em-
pirical correlation length. Four statistical parameters are adopted for assessment, includ-
ing the RMSE, bias, LOOCV and Nash-Sutcliffe. Among the results, using modelled 
roughness parameters, the AIEM yields significantly better results than using in situ ks 
and kl. However, the results using the empirical correlation length are still the best. This 
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can be explained by the average error of about 25% for rms height introduced into the 
Baghdadi-Rahman model compared to the in situ measurement. 
Sensitivity analysis is conducted through the backscattering simulations by the AIEM in 
different surface scenarios over the ranges 10° ≤ θ ≤ 40°, 0.5 ≤ s ≤ 4 cm, 1 ≤ l ≤ 40 cm 
and 3 vol. % ≤ mv ≤ 30 vol. %. It is found the backscattering coefficient sensitivity re-
duces with incidence angle. In general, the backscattering coefficient is more sensitive 
in drier conditions than in wetter conditions. Two sections are found in the whole range, 
while the sensitivity drops more quickly when mv ≤ ca. 20 vol. % than mv > ca. 20 
vol. %. The result also suggests that two thresholds of rms height s and correlation 
length l need to be taken into account for backscattering coefficient sensitivity, which 
are s = ca. 1 cm (ks = ca. 1.11 for C-band) and l = ca. 10 cm (kl = ca. 11.1). Backscat-
tering coefficients are least sensitive near the thresholds. Further effort is conducted by 
introducing an impact index ξ to quantify the sensitivity. The mean, 95.4
th
 percentile 
and 68.2th percentile of the impact factor are given in Table 6.6. According to the mean 
impact factors, an accuracy of about 4° for incidence angle, about 0.5 cm for rms height 
and correlation length, a confidence of backscattering coefficient within 1dB can be 
simulated by the AIEM, which leads to a soil moisture accuracy of about 6 vol. %. 
However, these conditions vary significantly due to the large variance found in the im-
pact factor.     
 
 
 
 
 
 
 
 
 
 
 
Conclusion and Outlook 
 
- 148 - 
 
Life is finite,  
while knowledge is infinite. 
---Zhuang Zi 
Chapter 7 Conclusion and Outlook 
7.1. Conclusions 
This study explores an operational approach for surface soil moisture retrieval on agri-
cultural lands for small-scale hydrological modelling in a semi-arid environment. The 
Azienda San Michele is chosen as the study site, on the island of Sardinia, a typical 
Mediterranean semi-arid but intensive agricultural area, where in particular four bare 
fields and five crop fields are prepared for intensive in situ and SAR observation 
through the year 2008–2009. 
In situ observation is still regarded as the fundamental approach for geographic studies. 
Historical climate data have proved that Sardinia suffers from dry and hot summers. 
Under various climate change scenarios, the increasingly strong requirement especially 
for agricultural purposes magnifies the water scarcity and imbalance in the region of 
Sardinia. In this context, meteorological observations show a large variance in precipita-
tion over the study area in May during the two-year study period, which then leads to 
significant differences in air temperature and hence surface soil moisture. In addition, a 
wide range of surface soil moisture, from totally dry to nearly 30 vol. %, is covered dur-
ing the field trips. Within this range, an average difference of 10 vol. % can be identi-
fied between two different fields, which are separated by only a few hundred metres. 
Occasional rainfall events will further contribute to the temporal and spatial surface soil 
moisture variability. Therefore, an accurate and, more importantly, high temporal and 
spatial resolution observation and monitoring for surface soil moisture is crucial for a 
small-scale hydrological model and thus to support a well-grounded irrigation strategy 
in this water scarce agricultural region. 
For in situ roughness measurements, the ability of the close-range digital photogram-
metry technique for rms height estimation was approved because of its low in-field 
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variability. In addition, rms height varies little during the summer when precipitation is 
limited. However, much larger spatial variances are found on each field for correlation 
length estimation either for exponential ACF – 11%–46% – or for Gaussian ACF – 7%–
42%. The observation scale of the adopted photogrammetry system is insufficient for 
the study at field scale. 
For a timely and cost-effective operational approach to monitoring and mapping surface 
soil moisture, various existing semi-empirical and theoretical models are adopted to 
assess their capability in surface soil moisture retrieval from SAR observation at field 
scale. The empirically based linear relationship between surface soil moisture and SAR 
backscattering coefficients is reassessed against both co-polarisations and different 
available ranges of incidence angle. For drier conditions, in agreement with the theoreti-
cal study on EM penetration (Ulaby et al. 1996), the soil moisture measured at 5–8 cm 
depth presents better correlation with backscattering coefficients especially for HH po-
larisation, compared to corresponding soil moisture values at shallow layer, 1–4 cm 
depth. 
The Dubois model is limited in its validity especially on SAR geometry and thus is not 
applicable in this study or further for an operational approach. Similar to the perform-
ance of the Dubois model, an overestimation of about 2–4dB is observed from simu-
lated backscattering coefficients compared to SAR retrievals by using two versions of 
the Oh model. The cross-polarisation agrees well in terms of bias. From the theoretical 
model – the AIEM – empirical correlation length developed by Baghdadi et al. (2006a) 
proved to be a good substitution when insufficient in situ correlation length is available 
for model parameterisation and hence can be used for an operational approach when 
rms height can be accurately retrieved through remote sensing techniques. In this case, a 
confidence of about 6 vol. % can be achieved by using the AIEM and empirical correla-
tion length from dual co-polarisations. The AIEM sensitivity analysis, along with the 
poor results of both backscattering simulation and soil moisture estimation from models 
based on in situ based parameterisation, reinforced the importance of precise roughness 
parameterisation, especially for correlation length. 
A hybrid Baghdadi-Rahman model is developed to overcome limitations of the existing 
Rahman model but maintain its capability as an operational approach. With one or more 
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SAR images under the extremely dry conditions prevailing, surface soil moisture can be 
inverted with confidence of between 5–6 vol. % at field scale, regardless of SAR ge-
ometry. Further evaluation has proved the model‘s capability in conditions when sur-
face soil moisture is less than 20 vol. %, and thus this model is feasible for providing 
crucial and promising soil moisture information in the dry season for hydrological mod-
elling parameterisation. Surface soil moisture is mapped for a sample region in Appen-
dix B. 
Overall, it is operationally valid to adopt the AIEM-based model to estimate surface soil 
moisture (at 5–8 cm depth level) with a confidence of 5–6 vol. % over agricultural fields 
at field scale on a weekly basis from co-polarisation C-band SAR in the semi-arid envi-
ronment. 
7.2. Outlook 
The work successfully provides an operational approach for surface soil moisture inver-
sion at small field scale from C-band SAR imagery in the semi-arid environment. Based 
on this approach, several developments can be foreseen.  
From the technical point of view, errors from inverted surface roughness cannot be-
ignored. First, further utilisation of full-polarised data for an accurate roughness inver-
sion is necessary based on various decomposition methods (Cloude and Pottier 1996; 
Hajnsek et al. 2003) or the recently advanced effective roughness modelling approach 
(Lievens et al. 2011). This is essentially useful for areas where surface roughness 
changes significantly, due to either natural or human intervention, during satellite passes. 
Second, further investigation in the capability of the photogrammetric technique on 
characterising surface roughness at field scale is required as a better reference database 
for model product evaluation. Last but not least, the shape of the ACF is also one diffi-
cult but important parameter in roughness characterisation, especially for parameterising 
the theoretical models.   
For a robust approach to soil moisture inversion on agricultural lands, extensive studies 
are required on more diverse crop fields and a combined method is recommended based 
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on e.g. (Hajnsek et al. 2009; Gherboudj et al. 2011). Overall, an additional database is 
needed for further verification of the Baghdadi-Rahman approach. 
From the application point of view, studies have demonstrated that the limited depth of 
surface soil moisture can be assimilated into land surface models and result in soil mois-
ture at a much deeper profile (e.g. (Houser et al. 1998; Reichle et al. 2002; Walker et 
al. 2002), although a great challenge exists in down- and up-scaling applications 
(Bittelli 2011). Furthermore, information on the model‘s impacts on irrigation man-
agement through small-scale hydrological modelling coupled with soil moisture infor-
mation at deeper profiles is required. The timely and accurate surface soil moisture 
monitor at field scale and over large areas from various SAR sensors from the proposed 
Baghdadi-Rahman model, along with well integrated hydrological model and econom-
ics and policy based assessment, e.g. (Storm et al. 2011; Tsai et al. 2011) for irrigation 
management, will contribute to the future for sustainable water resource management 
for agricultural usage in the water scarce semi-arid environment within the CLIMB 
framework. 
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Appendix A Regression Results for Adapted Rahman Approach 
The equation of Rahman approach Step 3 in Chapter 4 is reassessed for different local 
incidence angle ranges and polarisations and their R
2
 are given. 
𝑙𝑛 𝑚𝑣(14°, 𝑕𝑕) 
= −2.464 + 3.298 ln −𝜍0 − 1.094 ln −𝜍0  2 + 1.364 ln 𝑙 
− 1.170 ln 𝑘𝑙  2 + 0.382 ln 𝑘𝑙  3 − 0.046 ln 𝑘𝑙  4 + 2.794 ln 𝑘𝑠 
+ 4.569 ln 𝑘𝑠  2 + 0.434 ln 𝑘𝑠  3 + 0.086 ln 𝑘𝑠  4
+ 0.745 ln 𝑘𝑠 ln 𝑘𝑙 + 0.297 ln(𝑘𝑠) 2 ln 𝑘𝑙 
+ 0.059 ln(𝑘𝑠) 3 ln 𝑘𝑙 − 1.238  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.174 ln(𝑘𝑙) 3 ln 𝑘𝑠 − 0.170  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.053 ln −𝜍0 ln ks − 1.193 ln −𝜍0 ln kl 
+ 0.254 ln −𝜍0  ln kl  2 − 0.824 ln −𝜍0  ln ks  2 
where R
2
 is 0.968. 
𝑙𝑛 𝑚𝑣(14°, 𝑣𝑣) 
= −3.271 + 3.845 ln −𝜍0 − 1.213 ln −𝜍0  2 + 1.910 ln 𝑙 
− 1.352 ln 𝑘𝑙  2 + 0.388 ln 𝑘𝑙  3 − 0.041 ln 𝑘𝑙  4 + 2.178 ln 𝑘𝑠 
+ 3.977 ln 𝑘𝑠  2 + 0.303 ln 𝑘𝑠  3 + 0.067 ln 𝑘𝑠  4
+ 1.240 ln 𝑘𝑠 ln 𝑘𝑙 + 0.496 ln(𝑘𝑠) 2 ln 𝑘𝑙 
+ 0.097 ln(𝑘𝑠) 3 ln 𝑘𝑙 − 1.412  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.191 ln(𝑘𝑙) 3 ln 𝑘𝑠 − 0.190  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.149 ln −𝜍0 ln ks − 1.226 ln −𝜍0 ln kl 
+ 0.245 ln −𝜍0  ln kl  2 − 0.726 ln −𝜍0  ln ks  2 
where R
2
 is 0.971. 
𝑙𝑛 𝑚𝑣(19°, 𝑕𝑕) 
= −2.915 + 4.967 ln −𝜍0 − 1.541 ln −𝜍0  2 − 0.880 ln 𝑙 
+ 0.607 ln 𝑘𝑙  2 − 0.137 ln 𝑘𝑙  3 + 0.006 ln 𝑘𝑙  4 + 4.507 ln 𝑘𝑠 
+ 4.987 ln 𝑘𝑠  2 + 1.128 ln 𝑘𝑠  3 + 0.158 ln 𝑘𝑠  4
− 2.330 ln 𝑘𝑠 ln 𝑘𝑙 − 0.909 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.145 ln(𝑘𝑠) 3 ln 𝑘𝑙 − 0.187  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.074 ln(𝑘𝑙) 3 ln 𝑘𝑠 − 0.016  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.073 ln −𝜍0 ln ks − 1.184 ln −𝜍0 ln kl 
+ 0.278 ln −𝜍0  ln kl  2 − 0.653 ln −𝜍0  ln ks  2 
where R
2
 is 0.984. 
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𝑙𝑛 𝑚𝑣(19°, 𝑣𝑣) 
= −4.673 + 6.248 ln −𝜍0 − 1.808 ln −𝜍0  2 + 0.104 ln 𝑙 
+ 0.067 ln 𝑘𝑙  2 − 0.008 ln 𝑘𝑙  3 − 0.001 ln 𝑘𝑙  4 + 3.579 ln 𝑘𝑠 
+ 5.039 ln 𝑘𝑠  2 + 0.926 ln 𝑘𝑠  3 + 0.135 ln 𝑘𝑠  4
− 1.560 ln 𝑘𝑠 ln 𝑘𝑙 − 0.599 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.077 ln(𝑘𝑠) 3 ln 𝑘𝑙 − 0.506  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.112 ln(𝑘𝑙) 3 ln 𝑘𝑠 − 0.048  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.235 ln −𝜍0 ln ks − 1.208 ln −𝜍0 ln kl 
+ 0.252 ln −𝜍0  ln kl  2 − 0.496 ln −𝜍0  ln ks  2 
where R
2
 is 0.987. 
𝑙𝑛 𝑚𝑣(23°, 𝑕𝑕) 
= −3.254 + 5.546 ln −𝜍0 − 1.687 ln −𝜍0  2 − 1.459 ln 𝑙 
+ 1.238 ln 𝑘𝑙  2 − 0.326 ln 𝑘𝑙  3 + 0.024 ln 𝑘𝑙  4 + 4.820 ln 𝑘𝑠 
+ 6.472 ln 𝑘𝑠  2 + 1.428 ln 𝑘𝑠  3 + 0.192 ln 𝑘𝑠  4
− 3.633 ln 𝑘𝑠 ln 𝑘𝑙 − 1.465 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.243 ln(𝑘𝑠) 3 ln 𝑘𝑙 + 0.316  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.024 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.062  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.102 ln −𝜍0 ln ks − 1.181 ln −𝜍0 ln kl 
+ 0.284 ln −𝜍0  ln kl  2 − 0.578 ln −𝜍0  ln ks  2 
where R
2
 is 0.991. 
𝑙𝑛 𝑚𝑣(23°, 𝑣𝑣) 
= −5.842 + 7.636 ln −𝜍0 − 2.130 ln −𝜍0  2 − 0.500 ln 𝑙 
+ 0.569 ln 𝑘𝑙  2 − 0.122 ln 𝑘𝑙  3 + 0.008 ln 𝑘𝑙  4 + 3.783 ln 𝑘𝑠 
+ 5.293 ln 𝑘𝑠  2 + 1.198 ln 𝑘𝑠  3 + 0.173 ln 𝑘𝑠  4
− 2.799 ln 𝑘𝑠 ln 𝑘𝑙 − 1.104 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.156 ln(𝑘𝑠) 3 ln 𝑘𝑙 − 0.056  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.069 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.025  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.301 ln −𝜍0 ln ks − 1.140 ln −𝜍0 ln kl 
+ 0.235 ln −𝜍0  ln kl  2 − 0.374 ln −𝜍0  ln ks  2 
where R
2
 is 0.993. 
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𝑙𝑛 𝑚𝑣(29°, 𝑕𝑕) 
= −3.288 + 5.423 ln −𝜍0 − 1.671 ln −𝜍0  2 − 1.230 ln 𝑙 
+ 1.525 ln 𝑘𝑙  2 − 0.421 ln 𝑘𝑙  3 + 0.033 ln 𝑘𝑙  4 + 4.099 ln 𝑘𝑠 
+ 6.508 ln 𝑘𝑠  2 + 1.595 ln 𝑘𝑠  3 + 0.210 ln 𝑘𝑠  4
− 4.403 ln 𝑘𝑠 ln 𝑘𝑙 − 1.857 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.318 ln(𝑘𝑠) 3 ln 𝑘𝑙 + 0.688  ln(𝑘𝑙) 2 ln 𝑘𝑠 
− 0.016 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.128  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.252 ln −𝜍0 ln ks − 1.199 ln −𝜍0 ln kl 
+ 0.274 ln −𝜍0  ln kl  2 − 0.493 ln −𝜍0  ln ks  2 
where R
2
 is 0.995. 
𝑙𝑛 𝑚𝑣(29°, 𝑣𝑣) 
= −7.525 + 9.271 ln −𝜍0 − 2.497 ln −𝜍0  2 − 0.903 ln 𝑙 
+ 0.967 ln 𝑘𝑙  2 − 0.185 ln 𝑘𝑙  3 + 0.012 ln 𝑘𝑙  4 + 3.158 ln 𝑘𝑠 
+ 5.075 ln 𝑘𝑠  2 + 1.374 ln 𝑘𝑠  3 + 0.210 ln 𝑘𝑠  4
− 3.661 ln 𝑘𝑠 ln 𝑘𝑙 − 1.473 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.213 ln(𝑘𝑠) 3 ln 𝑘𝑙 + 0.323  ln(𝑘𝑙) 2 ln 𝑘𝑠 
+ 0.027 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.089  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.440 ln −𝜍0 ln ks − 0.977 ln −𝜍0 ln kl 
+ 0.177 ln −𝜍0  ln kl  2 − 0.231 ln −𝜍0  ln ks  2 
where R
2
 is 0.996. 
𝑙𝑛 𝑚𝑣(41°, 𝑕𝑕) 
= −1.441 + 3.131 ln −𝜍0 − 1.213 ln −𝜍0  2 + 0.527 ln 𝑙 
+ 1.365 ln 𝑘𝑙  2 − 0.386 ln 𝑘𝑙  3 + 0.031 ln 𝑘𝑙  4 + 0.650 ln 𝑘𝑠 
+ 5.365 ln 𝑘𝑠  2 + 1.385 ln 𝑘𝑠  3 + 0.161 ln 𝑘𝑠  4
− 4.141 ln 𝑘𝑠 ln 𝑘𝑙 − 1.836 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.326 ln(𝑘𝑠) 3 ln 𝑘𝑙 + 0.813  ln(𝑘𝑙) 2 ln 𝑘𝑠 
− 0.038 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.160  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.891 ln −𝜍0 ln ks − 1.333 ln −𝜍0 ln kl 
+ 0.222 ln −𝜍0  ln kl  2 − 0.313 ln −𝜍0  ln ks  2 
where R
2
 is 0.995. 
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𝑙𝑛 𝑚𝑣(41°, 𝑣𝑣) 
= −11.10 + 12.07 ln −𝜍0 − 3.053 ln −𝜍0  2 − 0.918 ln 𝑙 
+ 1.266 ln 𝑘𝑙  2 − 0.204 ln 𝑘𝑙  3 + 0.013 ln 𝑘𝑙  4 + 0.910 ln 𝑘𝑠 
+ 4.165 ln 𝑘𝑠  2 + 1.239 ln 𝑘𝑠  3 + 0.245 ln 𝑘𝑠  4
− 3.689 ln 𝑘𝑠 ln 𝑘𝑙 − 1.498 ln(𝑘𝑠) 2 ln 𝑘𝑙 
− 0.221 ln(𝑘𝑠) 3 ln 𝑘𝑙 + 0.542  ln(𝑘𝑙) 2 ln 𝑘𝑠 
− 0.007 ln(𝑘𝑙) 3 ln 𝑘𝑠 + 0.128  ln(𝑘𝑙) 2 ln(𝑘𝑠) 2
+ 0.660 ln −𝜍0 ln ks − 0.677 ln −𝜍0 ln kl 
+ 0.062 ln −𝜍0  ln kl  2 − 0.242 ln −𝜍0  ln ks  2 
where R
2
 is 0.988. 
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Appendix B Surface Soil Moisture Maps from the Baghdadi-
Rahman Model 
An area of about 200 km
2
 is selected for mapping surface soil moisture by applying 
Baghdadi-Rahman model. The region covers the several towns and villages, such as San 
Sperate, Monastir, Nuraminis, Ussana, Donori and Serdiana, industry parks along the 
highway, wood lands in mountainous areas, with majority areas with flat cropland. Set-
tlements, mountains areas and open water bodies are marked by a simple threshold of 
backscattering coefficients. Surface soil moisture maps are illustrated in a date order. 
Precipitation event on 29
th
 May 2008, 6
th
 Jun. 2008, 11
th
 Jun. 2008, 12
th
 Jun. 2008 and 
14
th
 May 2009 are well recorded from the surface soil moisture pattern as well as the 
general drying trend through the summer.  
 
Overview of the mapping region from ETM+ image taken on 27
th
 Oct. 2006. 
Appendix B Surface Soil Moisture Maps from the Baghdadi-Rahman Model 
 
- 166 - 
 
 
Surface soil moisture map for 22
nd
 May 2008. 
 
Surface soil moisture map for 27
th
 May 2008. 
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Surface soil moisture map for 28
th
 May 2008. 
 
Surface soil moisture map for 31
st
 May 2008. 
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 Surface soil moisture map for 16
th
 Jun. 2008. 
 
Surface soil moisture map for 13
th
 May 2009. 
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 Surface soil moisture map for 16
th
 May 2009. 
 
 Surface soil moisture map for 22
nd
 May 2009. 
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Surface soil moisture map for 15
th
 Jun. 2009. 
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